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ABSTRACT
NASA’s Soil Moisture Active Passive (SMAP) satellite utilizes passive observations of L–band
(f = 1.41GHz, λ = 21 cm) brightness temperature to estimate surface soil moisture at a spatial
scale of 33 km approximately once per day in the U. S. Corn Belt. These observations have the
potential to improve weather forecasting models, increase agricultural productivity, and provide
decision support for flood and drought management. However, SMAP Level 2 Soil Moisture (L2SM)
performs poorly in croplands validation sites such as the South Fork Iowa River (located in central
Iowa); we hypothesize that this is due to the use of generic croplands parameterizations during
SMAP L2SM retrieval. We analyzed the ancillary inputs to the τ −ω retrieval model to determine
if they could cause the observed seasonal component to SMAP L2SM bias and unbiased RMSE.
After implementing a modified surface temperature, in which the SMAP–reported value is divided
by the bias correction factor K = 1.02 to be more realistic for the South Fork, we identified
roughness and vegetation to be the most likely sources of error in soil moisture retrieval.
At L–band, changes in soil surface roughness and vegetation produce the same effect on emis-
sivity, leading to an inability to disentangle roughness–vegetation effects within L2SM retrievals.
We utilize our conceptual knowledge of roughness–vegetation patterns, combined with South Fork
in situ observations of soil moisture and temperature, to produce the first temporally–dynamic re-
trievals of HR (model roughness parameter) at satellite–scale. These are consistent with both
the wide range of literature values and sampling of physical roughness conducted during the
SMAPVEX16–IA campaign. However, when this roughness–vegetation concept is applied to re-
trieving L2SM the previously observed errors are not mitigated as initially hypothesized. We
suggest that the next step towards improving SMAP L2SM in the U. S. Corn Belt includes adopt-
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CHAPTER 1. MICROWAVE REMOTE SENSING OF SOIL MOISTURE
1.1 Why Soil Moisture?
Surface soil moisture is a small but crucial component of the global water cycle. It is a reservoir
of water that provides for agriculture, influences precipitation patterns, and determines flood and
drought states. Global soil moisture observations can be utilized towards at least two of the six
key categories identified by NASA, NOAA, and the USGS as priorities in the 2017 Decadal Survey:
“Coupling of the water and energy cycles” and “Extending and Improving Weather and Air Quality
Forecasts.” [National Academies of Sciences, Engineering, and Medicine, 2018].
Having an adequate balance of soil moisture available to agriculture is crucial to productivity.
If the soil is so dry that it take more force to move water molecules from soil particles than roots
are able to exert (soil moisture less than wilting point), then plants become water stressed. At this
point they are unable to transport nutrients, maintain their structure, or photosynthesize as much
as when not water-limited [Hsiao, 1973]. For example, Robins and Domingo [1953] investigated the
effects of severe water stress in corn during tasseling and found that yield was significantly decreased.
This effect was not reversed by subsequent irrigation. On the other end of the spectrum, when
all of the pore spaces are filled with water (saturation; soil moisture equal to porosity), plants are
unable to uptake the oxygen required for the roots to survive and critical nutrients may be washed
downstream.
Soil moisture not only immediately affects agricultural growth, but also influences the spatial
distribution and magnitude of precipitation. Koster et al. [2004] found that antecedent soil mois-
ture is coupled with precipitation during the growing season in several regions, including the U. S.
Corn Belt and other areas classified as heavily agricultural by Ramankutty et al. [2008]. Ingestion
of soil moisture observations into numerical weather prediction models has been shown to signifi-
cantly improve retrospective forecasting of the historic 1988 drought [Namias, 1991] and 1993 flood
2
[Beljaars et al., 1996] events in the Midwest United States. Lin et al. [2017] assimilated satellite ob-
servations of soil moisture into the Weather Research and Forecasting (WRF) model (coupled with
the Noah land surface model) and found that, while simulations of latent heat flux improved, there
was marginal impact to sensible heat fluxes and precipitation for the contiguous United States.
Carrera et al. [2019] used a different approach with the Canadian Land Data Assimilation System
(CaLDAS), assimilating satellite observations directly rather than using the retrieved soil moisture,
and found improvements to 48–h forecasts of dew point and precipitation in North America. Sur-
face soil moisture can additionally be utilized in agricultural modelling, as is the case for Bolten
et al. [2010] who forecast root–zone drought in agricultural regions.
Soil moisture is dependent on precipitation, vegetation, and management decisions (e.g., tillage,
irrigation, tile drainage). However, variations in soil texture and topography can result in large
differences of soil moisture across a watershed or a given field [Hawley et al., 1983]. Sparse networks,
including the USDA NRCS Soil Climate Analysis Network (SCAN, Schaefer et al. [2007]) and the
NOAA U. S. Climate Reference Network (USCRN, Bell et al. [2013]), provide point observations of
soil moisture across continents. Sparse networks are limited by being point measurements spaced
hundreds of kilometers apart and there is no guarantee that the soil moisture at a chosen station is
the same as the soil moisture in the larger area or the user’s region of interest. Due to cost, both
financial and in terms of manpower, denser in situ soil moisture networks exist only in limited places.
Remotely sensed observations of soil moisture, such as those retrieved via microwave satellites, are
representative of a wider domain and are therefore crucial to understanding the global state of soil
moisture.
1.2 Microwave Emission from Soil
Radiometrically ideal objects, known as blackbodies, emit and absorb radiation at all frequencies
according to their temperature. However, every object with a temperature greater than absolute
zero emits radiation and few are perfect blackbodies. Imagine taking a snapshot of the Earth and
observing how “bright” it is. This corresponds to the amount of emittance at the frequency, f , the
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image was taken at. Using Planck’s Law, we can calculate the temperature that a blackbody would
be if it were to emit the same amount of radiation as observed. Now compare the temperature
of the hypothetical blackbody (brightness temperature, TB) to that of the Earth. This concept is
known as emissivity – the ratio between brightness temperature and surface temperature at a given
observation frequency – and it allows us to infer surface characteristics such as soil moisture via
remote sensing.
Microwaves, which have wavelengths, λ, on the order of a millimeter to a meter, are used to
remotely sense quantities of water. Historically, microwaves radiometers and radars have been uti-
lized to observe hydrometeors [Gunn and East, 1954] and water vapor [Gaut, 1968] by measuring
the amount of absorption and scattering occurring in the atmosphere at several frequencies. Re-
search in microwave radiometry has expanded rapidly over the last several decades to allow for
satellite remote sensing of soil moisture with low–frequency (1 to 5GHz) microwaves [Njoku and
Entekhabi, 1996]. This is possible because the polar nature of water molecules gives them different
electric properties than surrounding natural media when observed.
Wilheit [1978] describes radiative transfer in a stratified dielectric (an insulator that can be
polarized): at the interface between two layers, such as between two soil layers or between the soil
and the atmosphere, radiation emitted by the first layer is either reflected downwards or transmitted
upwards into the next layer. The amount reflected versus transmitted is dependent on the difference
between the relative permittivity, εr, of the two layers. At microwave frequencies, εr of water
(εr ≈ 80) is so much larger than that of air (εr is negligible) that soil εr will vary significantly with
moisture content [Schmugge et al., 1974]. The soil surface becomes more reflective as the difference
between εr of the emitting soil layer and that of the second layer (air) increases. As such, moist
soils with a high εr will be more reflective at microwave frequencies. This allows us to estimate
soil moisture from surface reflectivity! As radiation incident on a surface must either be reflected
or absorbed, and Kirchhoff’s Law states that absorptivity equals emissivity for objects at thermal
equilibrium, then the sum of reflectivity and emissivity must equal one. Moist soils therefore have
a smaller emissivity, and consequently a colder TB, than a dry soil with similar properties.
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1.3 NASA Soil Moisture Active Passive (SMAP)
NASA’s Soil Moisture Active Passive (SMAP) mission, an L–band (f = 1.41GHz, λ = 21 cm)
satellite launched by NASA in 2015, is intended to produce global observations of soil moisture
and soil freeze–thaw state in order to improve modeling of surface water, energy, and carbon fluxes
and thus improve weather, climate, and agricultural monitoring [Entekhabi et al., 2010]. SMAP is
currently mapping surface soil moisture as retrieved from passive L–band observations of TB at a
spatial resolution of 33 km [Chan et al., 2018]. At L–band, TB is sensitive to the soil moisture of
the top few centimeters of soil [Jackson et al., 1997; Escorihuela et al., 2010].
Science data users, or those using retrieved soil moisture from the Level 2 or L3 products,
depend on the following three assumptions:
1. the observed TB is the “true” L–band brightness temperature;
2. the framework of the retrieval algorithm accurately depicts the surface; and
3. provided ancillary data is representative of the surface.
The first assumption, that the observed TB is the the “true” L–band TB, is addressed prior to soil
moisture retrieval. The raw radiometer data timeseries (L1A) is first calibrated and transformed
to TB (L1B), and then gridded and corrected for adverse surface conditions such as heavy rainfall
(L1C) Entekhabi et al. [2010]. The second and third assumptions are dependent on the land class
being observed.
1.4 Considerations for the U.S. Corn Belt
The U. S. Corn Belt has several surface characteristics that make soil moisture retrieval chal-
lenging. The first is perhaps the most obvious – we have corn. Vegetation canopies emit and scatter
radiation while also attenuating that emitted from the soil surface [Mo et al., 1982; Jackson and
O’Neill, 1990; Jackson and Schmugge, 1991; Wigneron et al., 2007]. As the amount of water in
the vegetation increases, the sensitivity of L–band TB to soil moisture decreases [Mo et al., 1982].
5
Corn also introduces complications with vegetation parameters; both Hornbuckle et al. [2003] and
Kurum [2013] found that scattering is polarized, or different at h– and v–pol, in corn. Hornbuckle
et al. [2003] further concluded that TB is affected by row structure post–senescence.
The second confusion factor is soil surface roughness. When tillage occurs, dead plant matter is
churned into the soil and the millimeter–scale variations in soil surface height increase [Zobeck and
Onstad, 1987]. This increases the emissivity of the soil and decreases the sensitivity of TB to soil
moisture [Choudhury et al., 1979]. While SMAP considers surface roughness to be constant [Chan
et al., 2016] and dependent on physical roughness similar to Choudhury et al. [1979], Wigneron
et al. [2001] found that, consistent with Mo and Schmugge [1987], L–band “model roughness” is
also dependent on soil moisture. Panciera et al. [2009] additionally found for the National Airborne
Field Experiment, which encompassed a variety of soil types, that dependence of model roughness
on soil moisture was conditional on soil texture. Several recent attempts have been made to retrieve
roughness from L–band TB. Parrens et al. [2016] and Fernandez-Moran et al. [2017a] used different
methodology but both found larger values of roughness in croplands globally than the default value
used during SMAP soil moisture retrieval.
1.5 Problem Statement and Initial Hypothesis
SMAP retrieval parameterizations do not distinguish between various types of croplands. This
is problematic as crops such as corn, rice, soybean, and wheat act differently at L–band based
on their structure. While Jackson et al. [2018] have identified this as a source of error in soil
moisture retrieval, they note that it is unlikely to be addressed until the final data reprocessing
at the end of the SMAP mission due to latency in global crop maps. We hypothesize that these
croplands parameterizations, particularly for vegetation and roughness effects, are not suitable
for the U. S. Corn Belt with its annual patterns of corn/soybean growth and tillage. This would
invalidate the assumption made by science data users that the retrieval model and ancillary data
are representative of the surface in your domain of interest. Non–representative parameters fed
into the SMAP retrieval algorithms will propagate errors into retrieved soil moisture. A summary
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IF temperature, soil roughness, 
vegetation optical depth, or 
clay fraction are 
UNDER-ESTIMATED
IF scattering is 
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THEN the SMAP 
soil moisture retrieval 
algorithms will over-





Figure 1.1 How errors in model parameters effect soil moisture retrieval.
of how the retrieval algorithms react to errors in key surface parameters, detailed in Chapter 2,
is provided in Figure 1.1. If the assumed values of surface temperature, soil surface roughness,
vegetation optical depth, or clay fraction are under–estimated, then the SMAP will retrieve a too
dry soil moisture due to the underlying models simulating a specular soil surface that is more
emissive than in actuality. The same effect is produced when scattering effects are over–estimated.
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CHAPTER 2. SEASONAL EVALUATION OF SMAP SOIL MOISTURE
RETRIEVALS AND MODEL PARAMETERS
Modified from a manuscript titled “Seasonal Evaluation of SMAP Soil Moisture in the U. S. Corn
Belt” by V. A. Walker, B. K. Hornbuckle, and M. H. Cosh that will be submitted to Remote
Sensing in July 2019.
Portions of this chapter were presented at the 15th Specialist Meeting on Microwave Radiometry
and Remote Sensing of the Environment (MicroRad 2018, WE-A1.3) and at the 5th Satellite Soil
Moisture Validation and Applications Workshop.
2.1 Introduction
While remotely sensed observations of soil moisture and vegetation have potential as agronomic
tools, SMAP Level 2 Soil Moisture (L2SM) performs worse in validation pixels that are primarily
cultivated croplands as opposed to grasslands and shrublands [Colliander et al., 2017]. A SMAP
core validation site has been established in the South Fork Iowa River watershed, located in the
U. S. Corn Belt, to provide in situ observations of soil moisture at a scale suitable for SMAP L2SM
validation [Jackson et al., 2018]. This site, which is heavily agricultural with few other land types,
is known to be problematic for SMAP calibration and validation. SMAP L2SM retrievals have been
reported as noisy and less correlated to in situ observations in the South Fork, especially when to
compared to other sites that perform relatively well [Jackson et al., 2018]. These problems also
exist when comparing L2SM retrieved by Soil Moisture Ocean Salinity (SMOS) [Kerr et al., 2012],
which views the same frequency and has a similar spatial–temporal resolution to SMAP, to in situ
soil moisture in the South Fork [Walker et al., 2018]. However, the most recent SMAP validation
report found that, counter to the noisiness and poor correlation, SMAP L2SM has relatively little
bias at the South Fork core validation site for the baseline retrieval algorithm [Jackson et al., 2018].
This is a change from past versions of SMAP L2SM which reported significant dry biases in the
South Fork [Colliander et al., 2017; Chan et al., 2018].
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The South Fork experiences two distinctly different land cover periods: the summer is charac-
terized by annual crops while rough bare soil is dominant between fall harvest and early-summer
emergence. While evaluation studies of satellite soil moisture have historically considered the data
record as a whole, it is not logical to use overall metrics in the South Fork without first checking
if SMAP L2SM performance is similar during the two land cover periods. We hypothesize that
evaluating SMAP L2SM over the entire data record, as is currently the practice, is masking sea-
sonal biases in SMAP L2SM retrievals. We perform a monthly evaluation of SMAP L2SM in the
South Fork over a four–year period and examine croplands parameterizations that could potentially
cause observed errors. This includes an investigation into the changes introduced by the most re-
cent data version which significantly reduced dry biases in soil moisture retrievals [Jackson et al.,
2018].
2.2 Data and Metrics
Satellite retrievals of soil moisture are validated against in situ networks to assess the amount of
systematic error, noise, and correlation with observations. In the SMAP program, official validation
is performed for core validation sites (CVS), which must meet standards pertaining to both the
number and distribution of stations as well as calibration and quality assessments [Colliander et al.,
2017]. Each CVS reports a weighted average soil moisture (WASM), that combines many point–
observations into a satellite–scale soil moisture. Weighting schemes are derived to be representative
of soil moisture heterogeneity in the region; this can be driven by precipitation patterns, topography,
soil texture, or land cover [Colliander et al., 2017]. A spatial weighting scheme is used to calculate
WASM in the South Fork as precipitation is the largest factor in its soil moisture heterogeneity
due to the lack of major variations in soil texture or topography [Coopersmith et al., 2015].
2.2.1 Metrics
We will use three metrics to evaluate SMAP L2SM: bias, unbiased RMSE, and R2. The SMAP
mission accuracy goal is to retrieve soil moisture within ± 0.04m3m− 3 of in situ observations for
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surfaces with a water column density, Mw, of less than 5 kgm− 2 [Entekhabi et al., 2010]. While
corn on its own can exceed this threshold during a growing season, pixels characterized by mixed
corn and soybean in Iowa typically reach a maximum Mw of 4 kgm− 2 [Hornbuckle et al., 2016].
The bias, given by Eq. 2.1, measures if SMAP L2SM retrievals are on average wetter (bias > 0)
or drier (bias < 0) than in situ WASM.
bias = (L2SM−WASM) (2.1)
The root–mean–square error (RMSE), given by Eq. 2.2, is a measure of random error but is
inherently dependent on bias; systematic error increases RMSE. Therefore the unbiased RMSE












The Pearson correlation coefficient, R, measures the linear correlation between any two variables
X and Y as given by Eq. 2.4. We use the coefficient of determination, R2, as a measure of how














SMAP L2SM retrievals were extracted from the SMAP Level 2 Enhanced Soil Moisture product
(SPL2SMP_E, version 2 O’Neill et al. [2018b]; CRID: R16020/22). SMAP L2SM, which has a
radiometric resolution of 33 km, is posted to the 9 km EASE Grid 2.0 (EASE09) global projection
[Chan et al., 2018]. While EASE09 pixels are not assigned unique identifiers, we have numbered
them such that the global array cell [row:1, col:1] is the furthest northwest pixel and cell [row:1624,
col:3856] is the furthest southeast. Retrievals were filtered using the associated quality control flags
for each overpass to remove those of degraded or uncertain quality.
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There are three primary retrieval algorithms, or “options”, in SMAP L2SM [Chan et al., 2018;
Chan, 2018]. The Single Channel Algorithm (SCA), which utilizes brightness temperature obser-
vations, TBp , at either horizontal (p = h) or vertical (p = v) polarizations (SCA–H: “option 1” and
SCA–V: “option 2,” respectively) and a vegetation climatology to retrieve soil moisture. The Dual
Channel Algorithm (DCA: “option 3”) utilizes both TBh and TBv to retrieve soil moisture while
inferring vegetation. The SCA–V is the current baseline algorithm for SMAP L2SM validation.
[Colliander et al., 2017; Chan et al., 2018].
The SPL2SMP_E product reports dynamic ancillary data such as effective surface temperature
for each SMAP L2SM retrieval [Chan, 2018]. Static ancillary data such as soil texture and land
cover class are available in the Soil Moisture Active Passive (SMAP) L1–L3 Ancillary Static Data
on the 3 km EASE Grid 2.0 (EASE03) global projection [Peng et al., 2019b, a].
2.2.3 South Fork Core Validation Site
The South Fork Iowa River watershed is approximately 85% annual croplands; the major crops
are corn (67%) and soybean (33%) [Cosh et al., 2019]. The soil is primarily loam and silty clay loam
and is poorly drained [Coopersmith et al., 2015; Cosh et al., 2019]. The South Fork CVS, operated
by the United States Department of Agriculture Agricultural Research Service (USDA ARS), is a
network of twenty permanent in situ stations that observe soil moisture and temperature at depths
of 5, 10, 20 and 50 cm [Coopersmith et al., 2015]. The network was established in April 2013 – two
years prior to the first SMAP L2SM retrievals.
Figure 2.1 depicts the locations of the twenty permanent stations along with the corresponding
SMAP EASE09 cell [row:264, col:928] and its 33 km radiometric resolution. The base map in
Figure 2.1, the 2018 USDA National Agricultural Statistics Service (USDA–NASS) Cropland Data
Layer [USDA–NASS , 2019], illustrates the relative homogeneity of croplands (primarily corn and
soybean) as opposed to forests, open water, and urban areas; the MODIS–IGBP [Friedl et al.,
2010] classification used by SMAP is also provided. Agriculture in the South Fork is rainfed (no
irrigation); the network has observed a mean precipitation of 880mmy− 1 since installation.
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Figure 2.1 South Fork in situ stations (•) and the 33 km radiometric resolution () of the nearest
SMAP EASE09 cell [row:264, col:928].
The network soil moisture, hereafter referred to as “South Fork WASM,” is defined as the
weighted average of the twenty 5 cm in situ soil moisture sensors. South Fork WASM is produced
by weighting the stations via a Voronoi diagram (Thiessen polygon), where weights are dependent
on spatial distribution. The installation of twenty stations provides some cushion for malfunctions;
Walker et al. [2018] reported that the South Fork WASM does not differ significantly after approx-
imately ten stations are considered. In the event of missing data (i.e., a non-reporting station)
the weights of missing stations are re-distributed across those remaining to dampen the impact of
highly–weighted stations on calculated WASM.
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Network stations are situated on the edges of fields, rather than within the crops, to avoid
conflicts with farm management practices. In–field observations collected during summer 2014 to
quantify the difference between soil moisture observed by the permanent stations and that of the
adjacent fields in the South Fork found essentially no bias between the two, however the RMSE
was 0.023m3m− 3 [Walker et al., 2018]. This indicates that some of the SMAP mission goal for
random error (≤0.04m3m− 3) currently has to be budgeted towards the South Fork in situ network
itself. Future scaling schemes derived from the extensive in–field soil moisture sampling during
the SMAPVEX16–IA campaign may reduce the impact of edge–of–field stations on the network.
Also contributing to random error (but not the bias) is the differing sampling volumes between the
South Fork 5 cm in situ stations and SMAP, which observes the top 3 to 6 cm of soil depending on
moisture conditions [Rondinelli et al., 2015].
Radio frequency interference (RFI), which increases observed TB and causes dry–biased L2SM
retrievals, occurs when there is illegal broadcasting at L–band. Approximately 20% of SMAP over-
passes in the South Fork have been flagged for further review by the RFI detection and mitigation
algorithms in SMAP Level 1B processing since launch. Quality flags in the L2SM product indicate
that > 96% of the flagged TB subsequently pass mitigation, resulting in <1% of all SMAP over-
passes in the South Fork being discarded due to RFI contamination. We therefore consider RFI to
be negligible in the South Fork.
2.3 SMAP L2SM Performance in the South Fork
We evaluated SCA–H, SCA–V, and DCA SMAP L2SM retrievals (described in Section 2.2.2)
monthly against South Fork WASM for April 2015–November 2018. The winter months (DJF)
are excluded to avoid potentially including retrievals tainted by un–flagged snow or frozen soil.
Tables 2.1 and 2.2 provide the bias and ubRMSE calculated monthly for both individual years
and the entire period; the March–November averages are additionally split into AM (descending)
and PM (ascending) overpasses. Over the entire April 2015–November 2018 period, SMAP L2SM
is dry–biased when using the SCA (bias: − 0.035m3m− 3 and − 0.018m3m− 3 for h– and v–pol,
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respectively) and wet–biased for the DCA (bias: 0.013m3m− 3). The ubRMSE over this period
exceeds the mission accuracy goal (0.065, 0.051 and 0.059m3m− 3, for SCA–H, SCA–V, and DCA,
respectively). There are, on average, 27 to 30 successful retrievals per month during April–October;
March (≈ 23) and November (≈ 25) have fewer as some fail due to snow.
While the bias for the entire April 2015–November 2018 period is small [0.013m3m− 3 (DCA);
− 0.035m3m− 3 (SCA–H); − 0.018m3m− 3 (SCA–V)], there is both seasonal and inter–annual varia-
tion in the bias with individual monthly biases of ± 0.10m3m− 3. The SCA–H and SCA–V exhibit
similar seasonal dynamics, with large dry biases (− 0.04 to − 0.10m3m− 3) in spring/fall that im-
prove to − 0.02m3m− 3 or better during the summer months when crops are present. The magnitude
of the bias is typically larger for SCA–H than SCA–V. While the DCA is similar to the SCA during
the summer months, it exhibits a moderate wet bias (0.02 to 0.04m3m− 3) in the spring/fall when
little to no vegetation is present.
The ubRMSE for both SCA, and to a lesser extent the DCA, peak in May/June (0.06 to
0.08m3m− 3) when corn and soybean planting and emergence occur. There is also the most differ-
ence in ubRMSE between years at this time. These two months increase the overall ubRMSE; the
remainder are near the SMAP mission accuracy goal of 0.04m3m− 3. The SCA and DCA also have
similar patterns when splitting ascending and descending overpasses; PM retrievals have a smaller
bias magnitude, and to lesser extent a lower ubRMSE, than AM retrievals.
The differences between SCA and DCA bias and the large inter–annual variability in the transi-
tion between spring/fall and summer indicate that vegetation parameterization plays a major role
in L2SM errors. In order to retrieve soil moisture, the TB measured by SMAP must be corrected
for the effect of vegetation. This correction is made using a parameter called the vegetation optical
depth (VOD) which characterizes attenuation of microwave radiation by vegetation. The times
of largest ubRMSE additionally correspond with the period when the climatological vegetation
used by both SCA is potentially out–of–sync actual crop growth. SMOS Level 2 VOD (L2VOD),
to which we assume SMAP L2VOD is similar, is proportional to corn and soybean development



































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 2.2 Timeseries of climatological VOD and retrieved L2VOD during 2015 for the South
Fork EASE09 cell.
weather and farm management decisions [Hornbuckle et al., 2016]. Figure 2.2 presents a sample
timeseries of the climatological VOD used by the SCA to correct for the effect of vegetation and
the L2VOD retrieved by the DCA during soil moisture retrieval. During 2015, the sample year
used for Figure 2.2, increases in climatological VOD preceded the corresponding L2VOD by more
than two weeks during June and July. Section 2.5.1 addresses potential concerns for both the DCA
L2VOD and the SCA climatological VOD as applied to the Corn Belt in more detail.
2.4 SMAP L2SM Algorithm
SMAP L2SM retrievals, regardless of SCA or DCA, are obtained by minimizing the difference
between SMAP–observed TBp and that simulated by the zeroth–order radiative transfer model
commonly known as the τ − ω model [Chan et al., 2016]. In addition to modelling bare soil, the
τ − ω model characterizes canopy emission and attenuation (τ) as well as scattering by vegetation
(ω). TBp is simulated in Eq. 2.5 as the summation of radiation emitted from the soil and attenuated
by the canopy (Eq. 2.5a), radiation emitted upwards from the canopy (Eq. 2.5b), and radiation
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emitted downwards from the canopy that reflects off the soil surface and travels back through the






+ Tveg(1− ω)(1− γ) (2.5b)
+ Tveg(1− ω)(1− γ)RGpγ (2.5c)
The assumption is made that, at SMAP overpass times, the soil temperature, Tsoil, and canopy
temperature, Tveg, are approximately the same and can be represented by an effective surface
temperature, Teff [Chan et al., 2016]. TBp is modeled in Eqs. 2.6–2.10 as a function of: Teff ; VOD,
which is sometimes referred to as nadir τ ; incidence angle, θ (SMAP: θ = 40◦); soil reflectivity, RGp ;
and the single scattering albedo, ω. RGp is a modification of the Fresnel reflectivity, Rp, itself
dependent on the soil dielectric constant (relative permittivity), εr, to account for soil surface
roughness and the angular sensitivity of roughness effects via the dimensionless coefficients HR and
NRp. It is εr that varies according to soil moisture: wet soil has an increased εr, and consequently
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In order for us to assess the impacts of varying surface parameterizations in SMAP L2SM
we must simulate L2SM. For each overpass, TBp is simulated via Eqs. 2.6–2.10 for soil moistures
between 0.02m3m− 3 and porosity (constraints given by Chan [2018]). L2SM is then retrieved
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as the soil moisture that globally minimizes the cost functions given by Eq. 2.11 or Eq. 2.12 for
the SCA or DCA respectively. If the optimized ∆TB exceeds 1.5K, we consider the retrieval to
be unsuccessful and it is discarded. We are able to replicate SMAP L2SM SCA retrievals in the
South Fork: the simulated SCA–H is 0.000 18± 0.000 09m3m− 3 wetter than SMAP L2SM while
the SCA–V is 0.000 19± 0.000 07m3m− 3 drier. Our DCA replications are not as good as the
SCA in accuracy and precision; the simulated DCA L2SM is 0.000 65± 0.000 20m3m− 3 wetter
than SMAP L2SM. Imperfect replications are likely due to differences in optimization (e.g., cost
function, local vs global approach) between our simulations and the operational product.
∆TBp =




2 + (∆TBv )
2 (2.12)
2.5 SMAP L2SM Parameterizations
We found that the SMAP L2SM bias and ubRMSE vary seasonally in the South Fork CVS. The
bias exhibits distinct patterns dependent on the presence of vegetation while the ubRMSE peaks
during the transition period between bare rough soil and annual crop growth. We hypothesize that
incorrect treatment of parameters that vary seasonally in Eqs. 2.6–2.10 is the cause of observed
errors. We therefore assessed the current parameterizations of: surface temperature and VOD;
ω and soil surface roughness, which have the potential to change seasonally; and the static soil
clay fraction. The following subsections present a discussion of each of these parameterizations as
currently utilized for SMAP L2SM retrievals in croplands and their physical realism in the South
Fork.
2.5.1 Vegetation Optical Depth (VOD)
SCA retrievals of SMAP L2SM are reliant on climatological vegetation optical depth (VOD).
However, VOD varies inter-annually in agricultural regions such as the South Fork due to both farm
management decisions that determine planting date (e.g., antecedent meteorological conditions,
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tillage practices, and cultivar Kucharik [2006]) and on temperature during crop development. This
is due to corn and soybean development being governed by the accumulation of thermal time (e.g.,
Campbell and Norman [1998]), a measure of daily average temperatures within the range hospitable
to crop growth. There may additionally be long–term differences between VOD and the current
climatology as multi–decadal analyses of crop phenology in the Corn Belt indicate that planting is
occurring earlier and growing seasons are longer than they were thirty years ago [Kucharik, 2006;
Sacks and Kucharik, 2011].
As shown in Eq. 2.5 and Eq. 2.7, TBp increases as VOD increases (assuming no other changes).
If climatological VOD is too–low, as was the case during spring 2012 when significantly warmer than
normal temperatures accelerated planting and emergence [Thessen et al., 2013], then Eqs. 2.6–2.10
would retrieve a dry–biased soil moisture. Conversely, the use of a climatological VOD during
a spring and early summer with delayed crop development would result in a wet bias during
that period. This time corresponds with when SMAP L2SM SCA retrievals are noisiest in the
South Fork.
The DCA attempts to bypass issues associated with climatological VOD by simultaneously
retrieving L2SM and L2VOD. The sample timeseries of VOD previously given in Figure 2.2 illus-
trates how the timing of SMAP DCA–retrieved L2VOD, which presumably represents the “actual”
VOD, can differ from the SCA climatology during a single year. While retrieval of L2VOD by
SMAP is theoretically possible, if TBh and TBv are not fully independent then there may not be
enough information available when only a single incidence angle is sampled [Konings et al., 2015].
Furthermore, variations in soil surface roughness are interpreted by the DCA as L2VOD due to
their producing the same changes to observed TBp at L–band [Patton and Hornbuckle, 2013]. This
is observed in the sample SMAP L2VOD timeseries, where VOD increases during the spring and
fall despite the lack of significant vegetation. Limitations aside, L2VOD provides useful informa-
tion about the status of crop progress. SMOS L2VOD, similar to SMAP but with a large range
of observed θ, was found by Hornbuckle et al. [2016] to peak after having accumulated a thermal
time of approximately 1000 ◦C · day post–planting in the U. S. Corn Belt. This occurs between
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the second and third reproductive developmental stages of corn when Mw, defined as the mass of
water in vegetation tissue per ground area, of the mixed corn and soybean canopy is at maximum
[Hornbuckle et al., 2016].
2.5.2 Effective Surface Temperature
How realistic is the assumption that Tsoil ≈ Tveg at SMAP overpass times? This assumption is
made so that Teff , dependent only on soil temperature, can be used to approximate the temperature
of the entire surface viewed by SMAP. We compared flux tower observations of soil and vegetation
temperatures at a central location in the South Fork for both corn (2015, 2018) and soybean (2015).
Sampling was provided by Forrest Goodman (USDA, National Laboratory for Agriculture and the
Environment) in 2015 and by Richard Cirone (Iowa State University, Department of Agronomy)
in 2018. Figure 2.3 illustrates relevant temperature observations. In addition to the more tradi-
tional infrared skin temperature, Tskin, the air temperature within the canopy, Tveg, was observed.
Vertically centering sampled Tveg enables averaging of temperature gradients within the canopy,
previously reported by Hornbuckle and England [2005] as ≈1K in fully–grown corn. Observations of
Tveg are limited to closed canopy periods (June–September). Soil temperature, Tdepth, was sampled
at 6 cm in 2015 and 9 cm in 2018.
Table 2.3 presents the difference between Tveg and Tdepth in corn and soybean for SMAP re-
trievals in June–September. For both crop types, Tveg averages colder than Tdepth for morning
overpasses and warmer for evening. This is consistent with Hornbuckle and England [2005], who
investigated vertical temperature gradients in a corn field and found that the canopy was, on aver-
age, 2.5K colder than the 4.5 cm soil temperature (shallower than Tdepth but analogous to TSL1) at
6AM solar time and 0.75K warmer at 6PM solar time. The 2015 comparison of Tveg and Tdepth
shows a slightly smaller difference (less negative) for morning overpasses and a larger (warmer) dif-
ference in the evening than observed in 2018; this is due to the discontinuity in installation depth.







Figure 2.3 Vegetation and soil temperatures observed by flux towers in the South Fork. Tdepth
was located at 6 cm in 2015 () and 9 cm in 2018 (•).
the soil surface [Parton and Logan, 1981]. The 2015 Tdepth, inserted at 6 cm, is therefore cooler for
morning overpasses and warmer in the evening as compared to the deeper 9 cm sampling of 2018.
While Tsoil 6≈ Tveg at SMAP overpass times in the South Fork, we can revise the calculation
of Teff to approximate the differences between the two. Teff is defined by Eq. 2.13 via a modified
Choudhury et al. [1982] model as a function of the GEOS–5 0 to 10 cm and 10 to 30 cm layer
temperatures (TSL1 and TSL2, respectively), a coefficient, C, that weights the relative contributions
of TSL1 and TSL2, and a bias correction factor, K [O’Neill et al., 2018a]. Teff is reported for each
SMAP overpass in the SPL2SMP_E product.
Teff , K [TSL2 + C (TSL1 − TSL2)] (2.13)
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Table 2.3 Difference between Tveg and Tdepth in corn and soybean, where Tdepth is 6 cm in 2015
and 9 cm in 2018. Data is limited to SMAP overpass times in June–September.
Tveg – Tdepth, K
corn soybean
AM PM AM PM
6cm (2015) − 2.1 2.3 − 1.9 0.6
9 cm (2018) − 2.5 1.7
As of version 2 of the SPL2SMP_E (CRID: R16xxx), K = 1.02 for non–forest land classes, C =
0.246 for morning overpasses, and C = 1 for evening overpasses [O’Neill et al., 2018a]. K = 1.02,
which warms Teff , was prompted by an observed cold bias in the GEOS–5 soil temperature at CVSs.
It is also intended to address any potential mismatch between the GEOS–5 modeled soil layers and
the layer of soil contributing to the temperature of the surface that SMAP views. However, while
calculated using modeled soil layer temperatures, Teff is not a physical soil temperature and is
intended to represent both the vegetation canopy and the soil layer whose temperature is observed
by the SMAP radiometer. The value of K = 1.02 for non–forest land classes was derived by
minimizing the difference between the baseline TBv and that simulated via the SCA–V [personal
communication, Steven Chan, NASA Jet Propulsion Laboratory]. At the beginning of the SMAP
mission, K was not a component of Eq. 2.13 (equivalently K = 1) and C = 0.246 for all L2SM
retrievals [Chan et al., 2016].
The difference between SMAP Teff and both the network Teff and observed in situ depths are
presented in Table 2.4. Network Teff is calculated for the South Fork following Eq. 2.13, where TSL1
is the mean soil temperature at a depth of 5 cm, TSL2 is the temperature at 20 cm, and both K and
C are parameterized as given in Table 2.4. The period was limited to April 2015–November 2017
(excluding DJF) as 2017 is the last full year of SPL2SMP_E version 1 retrievals. In version 1 of
the SPL2SMP_E (CRID: R14xxx–R15xxx), when K was not a part of Teff calculation, Teff was
biased 1K cold in the South Fork when compared to both the network Teff and the individual








Figure 2.4 Soil depths observed by the permanent edge–of–field stations in the South Fork CVS.
The GEOS–5 soil layers used by SMAP to calculate Teff are included for reference.
depth observed in the South Fork, which could only be realistic for the combined soil–vegetation
surface if Tveg was significantly hotter (by at least 10K) than Tsoil. This is contrary to our flux
tower observations that show Tveg < Tsoil for morning overpasses and Tveg > Tsoil for evening
overpasses. Evening overpasses were warmed more in version 2 as the use of C = 1 results in Teff
being calculated entirely based on TSL1 rather than weighting towards TSL2 as with C = 0.246. We
informed the SMAP Science Team of the unrealistically warm version 2 Teff in the South Fork; a
copy of that report is provided by Appendix A.
We propose a modification to Teff that is more consistent with in situ network soil temperatures
and would better approximate the differences between Tveg and Tsoil at SMAP overpass times. This
would be done by reverting to K = 1 (i.e., reversing the SPL2SMP_E adoption of K = 1.02) but
retaining the SPL2SMP_E version 2 change to C = 1 for evening overpasses. The cold bias in
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Table 2.4 Difference between SMAP Teff and South Fork soil temperature for April 2015 – Novem-
ber 2017 (excluding DJF).
SMAP Teff – South Fork in situ temperature, K
SPL2SMP_E, v1 SPL2SMP_E, v2 proposed Teff
K = 1 K = 1.02 K = 1
C = 0.246 C = 0.246 C = 0.246 C = 1 C = 0.246 C = 1
AM PM AM PM AM PM
network Teff − 1.1 − 0.7 − 1.2 0.6 − 1.2 0.6
5 cm − 0.7 − 1.7 5.0 6.4 − 0.7 0.6
10 cm − 0.9 − 1.3 4.8 6.9 − 0.9 1.1
20 cm − 1.3 − 0.3 4.4 7.8 − 1.3 2.0
50 cm − 1.1 0.6 4.6 8.7 − 1.1 2.9
Teff that would return when K = 1 has a similar numerical effect of a colder morning canopy on
surface temperature. While this would also make evening Teff colder, utilizing C = 1 in Eq. 2.13
weights Teff towards the warmer evening TSL1. The difference between our proposed Teff and both
the network Teff and observed in situ depths is shown in column three of Table 2.4.
Figures 2.5, 2.6, and 2.7 present the effect of adopting the more realistic modified Teff in the
South Fork as quantified by the bias, ubRMSE, and R2, respectively. Decreasing Teff dries monthly
biases for both SCA and the DCA as the retrieval algorithms now calculate a higher εr for the same
observed TB. While this is worse performance in terms of bias, the monthly ubRMSE decreases,
particularly for both SCA in May/June when they previously far exceeded the SMAP mission
accuracy goal. This is likely due to K = 1.02 amplifying any noisiness in GEOS–5 temperatures
by an additional 2%. The coefficient of determination significantly improves for the DCA when
the modified Teff is used, however large inter–annual variations remain for all three algorithms. R2
does decrease slightly for the SCA when the modified Teff is used during retrieval, however this
is not surprising when you consider that the K = 1.02 depth correction scheme was intended to
optimize TBv .
The significant difference between Teff and observed temperatures at all in situ depths leads to
the conclusion that K = 1.02 does not produce a physically realistic surface temperature. Flux–
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(a) SCA–H (b) SCA–V
(c) DCA
Figure 2.5 Mean and standard error of monthly bias for SMAP L2SM and that reprocessed using
our proposed Teff in the South Fork during 2015–2018.
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(a) SCA–H (b) SCA–V
(c) DCA
Figure 2.6 Mean and standard error of monthly ubRMSE for SMAP L2SM and that reprocessed
using our proposed Teff in the South Fork during 2015–2018.
27
(a) SCA–H (b) SCA–V
(c) DCA
Figure 2.7 Mean and standard error of monthly R2 for SMAP L2SM and that reprocessed using
our proposed Teff in the South Fork during 2015–2018.
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tower observations of soil temperature and Tveg indicate that using K = 1 to calculate Teff is more
physically realistic as it, in conjunction with using C = 1 for evening overpasses and the slight cold
bias of GEOS–5 soil temperature in the South Fork, reproduces the effect of having a cooler canopy
in the morning but a warmer canopy in the evening. While retrieving L2SM with the modified Teff
does degrade the bias in the South Fork, the combination of improved ubRMSE for both SCA and
DCA and the significantly increased coefficient of determination for DCA can be interpreted as an
overall improvement in retrieval quality if we consider that the bias may be caused by some other
ancillary factor.
An additional consideration of modifying Teff is how it effects retrieved L2VOD. The VOD
produced during our DCA retrievals using the proposed Teff will hereafter be referred to as “re-
processed L2VOD.” Figure 2.8 presents a comparison of L2VOD as retrieved by both versions 1
and 2 of the SPL2SMP_E product and the reprocessed L2VOD. When Teff was warmed dramati-
cally in version 2 of the the SPL2SMP_E, the DCA–retrieved L2VOD increased with it. This was
problematic for those utilizing the vegetation product as the operational L2VOD is now unreal-
istically large. The only way for the version 2 L2VOD to be accurate in South Fork would be if
the b–parameter, used to convert between L2VOD and crop water observations, was significantly
larger than the b = 0.06 found by Togliatti et al. [2019] in the South Fork (which is consistent with
the corn value of Wigneron et al. [2007]). L2VOD retrieved using our Teff decreases back to values
similar to those of the version 1 SPL2SMP_E. This is additionally in–line with the SMOS L2VOD
in the South Fork.
2.5.3 Single Scattering Albedo
Scatter darkening, where TBp is reduced by radiation scattering within the canopy, occurs
when the size of plant components (e.g., stems, leaves, ears) is similar to the wavelength (SMAP:
λ = 21 cm). This effect must be considered in corn [Hornbuckle et al., 2003; Kurum, 2013]. The
components of soybean plants are much smaller and as such there is relatively little scattering
[Kurum, 2013]. The τ − ω model, which assumes that the canopy is a weakly scattering media,
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Figure 2.8 Comparison of 7–day median L2VOD retrievals from the SPL2SMP_E product (ver-
sions 1 and 2), that reprocessed with our proposed Teff , and the SMOS L2VOD during
2016 for the South Fork.
accounts for this via the ω parameter [Jackson and Schmugge, 1991]. Non–zero values of ω inform
Eqs. 2.6–2.10 that Teff , and hence TBp , has been reduced by scattering.
The South Fork CVS is classified as entirely croplands by the MODIS–IGBP [Chan et al., 2018]
and consequently ω is parameterized as 0.05 [Chan et al., 2016]. While ω = 0.05 for SMAP, there
have been several values of ω used for L–band soil moisture retrieval in croplands. For example,
while noting that certain crop types, such as corn, can approach ω = 0.10, the SMOS L2 algorithm
treats all “low vegetation” such as croplands to be non–scattering (ω = 0) [Kerr et al., 2010]. The
SMOS–IC algorithm parameterizes stronger scattering (ω = 0.12) [Fernandez-Moran et al., 2017b].
The MT–DCA utilizes an ω retrieved from SMAP TBp timeseries; 0.04± 0.04 for croplands pixels
[Konings et al., 2016]. We simulated L2SM using ω = 0, 0.05 and 0.12 for the South Fork CVS
to determine the effect changing ω has on retrieval performance. Teff was calculated via our more
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Table 2.5 L2SM metrics in the South Fork for ω =0, 0.05 and 0.12 during June – September,
2015 – 2018.
bias, m3 m− 3 ubRMSE, m3 m− 3 R2
SCA–H SCA–V DCA SCA–H SCA–V DCA SCA–H SCA–V DCA
ω = 0 0.009 − 0.004 − 0.014 0.059 0.046 0.061 0.54 0.55 0.27
ω = 0.05 − 0.044 − 0.064 − 0.077 0.053 0.055 0.051 0.54 0.50 0.48
ω = 0.12 − 0.098 − 0.119 − 0.126 0.078 0.107 0.079 0.30 0.09 0.28
physically realistic proposed method (Section 2.5.2). The resulting metrics are given in Table 2.5
for a crop development subset of June – September, 2015 – 2018.
The June – September, 2015 – 2018 bias is smallest when ω = 0. The SCA–V additionally has
the least amount of noise and is more correlated when ω is small. The SMAP default for croplands,
ω = 0.05, results in drier soil moisture retrievals however this is more physically realistic than
parameterizing the annual crops as non–scattering. DCA performance in terms of ubRMSE and
R2 significantly improves with the increase to ω. Retrieving SMAP L2SM utilizing ω = 0.12 for
croplands, as is done in the SMOS–IC algorithm, worsens the dry bias and significantly degrades
ubRMSE and R2. In addition, using a larger value of ω reduces the number of soil moisture
retrievals. Only 42% (201 of 479 overpasses) of attempted SCA–V retrievals with ω = 0.12 are
successful during June – September, 2015 – 2018, while 91% (435 of 479) of attempted SCA–V
retrievals are successful when ω = 0. The SCA–H and DCA were both better able to optimize
TB at ω = 0.12 with 83% (361 of 479) of attempted retrievals being successful. Our attempted
retrievals fail when the difference between simulated and observed TB in the cost functions given
by Eq. 2.11 and Eq. 2.12 is > 1.5K.
The difference between SCA–V and SCA–H behavior suggests that scattering effects in the
South Fork are lesser for v–pol than h–pol. While ω is often assumed to be unpolarized [Wigneron
et al., 2017], several tower–based experiments have found that ωh 6= ωv in agriculture. This would
occur if scattering plant structures appeared different when observed at h– and v–pol. Hornbuckle
et al. [2003] found that ωh > ωv in corn for the REBEX–8x experiment. Table 2.5 indicates that
lower values of ω result in the best soil moisture retrievals as quantified by ubRMSE and R2.
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2.5.4 Soil Texture
In soil, water molecules can either be mobile (free water) or tightly bound to the surface area
of particles (bound water) [Baver et al., 1977]. Bound water exhibits distinctly different dielectric
properties than free water at L–band [Hallikainen et al., 1985]. The amount of bound water
is determined by soil texture as characterized by particle size distribution: the largest particles
are sand (2 to 0.05mm), the smallest are clay (< 0.002mm), and those in between are silt. A
predominantly clay soil has a much larger particle surface area, and consequently more bound water,
than a sandy soil. Inaccuracies in parameterized clay fraction therefore result in errors in retrieved
soil moisture as the bound water component is miscalculated. Overestimation of clay theoretically
results in wet–biased retrievals as the algorithms add more bound water when calculating εr for
high clay soils.
Dielectric mixing models simulate εr, the component of Eqs. 2.6–2.10 that allows for soil mois-
ture retrieval, as a function of soil moisture, texture, and temperature. SMAP L2SM is currently
retrieved using the Mironov model [Mironov et al., 2009], although functionality exists for both
the Dobson [Dobson et al., 1985] and Wang and Schmugge [Wang and Schmugge, 1980] models
to be implemented if desired [O’Neill et al., 2018a]. Utilizing the Mironov model, which requires
ancillary soil temperature and clay fraction, results in wetter global soil moisture retrievals than
the Dobson model [Mialon et al., 2015]. The Dobson and Wang and Schmugge models additionally
require sand fraction and bulk density.
Figure 2.9 presents the sensitivity of L2SM retrieval to errors in the SMAP ancillary clay fraction
for a bare soil scenario (VOD = 0) with clay fractions within ± 0.10 of the SMAP L1–L3 Ancillary
Static Data value of 0.31 in the South Fork. Moderately moist to saturated soils (tested: 0.25 and
0.40m3m− 3) have similar sensitivities while dry soils (tested: 0.10m3m− 3) are less sensitive. This
is consistent with Wang and Schmugge [1980] who identified two distinct regions in εr separated
by a “transition soil moisture” related to the wilting point of the soil. The Dobson and Wang and
Schmugge models are included in Figure 2.9 to illustrate how changing the dielectric model used
during L2SM retrieval would affect the sensitivity to clay for a soil whose sand fraction and bulk
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Figure 2.9 Sensitivity of L2SM retrieval to over– and under–estimation of clay fraction (+ and
− errors, respectively) for bare soil utilizing the Mironov, Dobson, and Wang and
Schmugge dielectric mixing models to simulate εr. Both dry (0.10m3m− 3) and moist
(0.25m3m− 3) soils with a temperature of 300K are included.
density are similar to that of the South Fork. While both the Mironov and Wang and Schmugge
models both behave as expected, with overestimation of clay content resulting in wet–biased re-
trievals as theorized, the Dobson model exhibits an inverse relationship. This was previously noted
by Walker et al. [2018] for South Fork soil textures and is likely due to the empirical nature of
dielectric mixing models. We tested soil temperatures of 280, 290 and 300K (Figure 2.9 was pro-
duced for 300K); temperature was not found to have a significant impact on the L2SM sensitivity
to clay fraction within this range.
The SMAP ancillary clay fraction is derived from STATSGO, the State Soil Geographic dataset
[Schwarz and Alexander , 1995], over CONUS and posted to the EASE03 as described by [Das,
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2013]. Figure 2.10 provides a subset of this map for the South Fork. The 33 km radiometric
domain for EASE09 cell [row:264, col:928] and the in situ stations presented in Figure 2.1 are
overlaid for reference. While SMAP L2SM is posted to the EASE09 grid, the clay fraction utilized
during retrieval is that of the radiometric domain [personal communication, Narendra Das, NASA
JPL]. The SMAP clay fraction for the 33 km domain over the South Fork is 0.31. The Soil Survey
Geographic Database (SSURGO), for which soil sampling occurred on a much finer scale than
STATSGO (100 to 500m vs 2.5 km), indicates a clay fraction of 0.27 for the South Fork [personal
communication, Alex White, USDA ARS Hydrology and Remote Sensing Laboratory]. If the “true”
clay fraction in the South Fork is similar to the SSURGO value, which is consistent with Coopersmith
et al. [2015], then Figure 2.9 suggests that SMAP L2SM retrievals for bare soil may currently be
0.004 to 0.007m3m− 3 wetter than they should. The impact would be lesser for vegetated periods.
Interestingly, while the SMOS mission utilizes the same ancillary dataset as SMAP, albeit posted
to different grid with ≈4 km resolution [Kerr et al., 2014], the clay fraction of their map is 0.25
for the South Fork domain [Walker et al., 2018] and is therefore fairly close to that derived from
SSURGO.
2.5.5 Soil Surface Roughness
Soil surface roughness, defined as mm–scale variations in soil surface height, is rarely smooth
in agricultural fields and is dependent on field management activities such as tillage [Zobeck and
Onstad, 1987]. This is particularly important when modelling radiative transfer as a rough soil is
less reflective, and thus has a higher emissivity, than a smooth soil with the same characteristics
[Choudhury et al., 1979; Wang and Choudhury, 1981]. Roughness additionally effects the L–band
sampling depth as smooth soils have a shallower sampling depth than equivalent rough soils during
dry conditions [Peng et al., 2017]. SMAP L2SM retrievals account for roughness in Eq. 2.8 as an
exponential decay of the specular reflectivity, Rp, characterized by non–dimensional coefficients HR
and NRp; for croplands HR = 0.108 [Chan et al., 2016] and NRp = 2 for both h– and v–pol [O’Neill
et al., 2018a].
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Figure 2.10 STATSGO–derived clay fraction as used by SMAP in the South Fork. The outlined
region corresponds with the 33 km radiometric domain and in situ stations presented
in Figure 2.1.
Tillage, prevalent in the South Fork [Tomer et al., 2008], increases soil surface roughness as
residue (dead plant material) from the prior crop is churned into the upper layer of soil. If the
South Fork soils are, on average, rougher than the relatively smooth soil parameterized, then
SMAP L2SM would be biased dry, particularly during periods of bare soil. This correlates with
observed dry biases for both the SCA–H and SCA–V, however the DCA does not exhibit a dry bias
during the bare soil period (March–May and October–November). That said, the DCA–retrieved
SMAP L2VOD is likely masking the effect of a too–smooth soil parameterization. Changes in soil
surface roughness appear the same at L–band as changes in L2VOD [Patton and Hornbuckle, 2013].
Therefore when HR is assumed to be static, as is the case in SMAP L2SM retrieval, any increase to
surface roughness is interpreted by the DCA as increasing vegetation. This is visible in the sample
35
L2VOD timeseries, previously given in Figure 2.2, where L2VOD is unrealistically large during the
non–vegetative spring and late–fall months and subsequently wets L2SM retrievals similar to how
assuming a rougher soil would.
L–band retrievals of soil moisture are especially sensitive to parameterization of roughness
[Wigneron et al., 2017]. There are several methods to convert physical observations (e.g., standard
deviation of soil surface height) to the non–dimensional HR [Choudhury et al., 1979;Wigneron et al.,
2001, 2017]. Attempts to retrieve HR directly, either from tower–based or satellite observations of
TB, have produced variable results with HR ranging from near 0 to <2 for bare soil and cultivated
croplands [Wigneron et al. [2001]; Panciera et al. [2009]; Parrens et al. [2016]; Fernandez-Moran
et al. [2017a] and others]. SMAP documentation does not recommend a particular method for
calculating HR.
2.6 Summary
Seasonal analysis of SMAP L2SM performance in the South Fork reveals that patterns in the
bias, for both SCA and DCA, follow distinct periods of bare soil (spring and fall) and annual crop
development (summer). The ubRMSE is worst during May/June when crops emerge and rapidly
begin to obscure the soil surface. We evaluated the parameterizations of Teff , VOD, ω, clay fraction,
and soil surface roughness to determine if they are physically realistic for the South Fork. The main
results are as follows:
• The Teff used in version 2 of the SPL2SMP_E is 4 to 9K warmer than any observed soil
depth in the South Fork. Using K = 1 to calculate Teff is more physically realistic.
• The assumption that Tsoil and Tveg are equivalent at SMAP overpass times is not valid in
corn and soybean canopies; however the overall impact on TB can be mitigated during Teff
calculation.
• Climatological VOD cannot reliably describe vegetation growth in the Corn Belt.
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• Increasing ω to account for scattering in corn dries L2SM retrievals, worsening observed dry
biases in SMAP L2SM during the summer months.
• The current clay fraction may be slightly over–estimated but its impact on SMAP L2SM
retrieval is minimal.
• Observed SMAP L2SM biases support the idea that the current HR is too smooth for the
South Fork, consistent with the tillage practices of the region.
2.7 Conclusion
We hypothesized that a seasonal analysis of SMAP L2SM, rather than the annual analysis
performed by prior investigations, is more appropriate for the South Fork CVS as there are two
distinct land cover periods: annual crops in the summer and bare soil in the spring and fall. The
overall annual bias has been reduced to − 0.018m3m− 3 for the baseline (SCA–V) SMAP L2SM in
version 2. However, we found that, not only do individual monthly biases exceed ± 0.10m3m− 3,
there is a clear seasonal pattern in the validation metrics. Both SCA are exceptionally dry during
the spring and fall months, become less biased near emergence and harvest, and are dry again during
the summer vegetative months. The DCA performs similarly during the summer but is slightly
wet–biased during bare soil periods; this is at least partly due to differences between climatological
VOD and the retrieved L2VOD. ubRMSE in the South Fork is near the SMAP mission accuracy
guidelines of ± 0.04m3m− 3, with the clear exception of during May and June when it is 0.06 to
0.08m3m− 3.
We found several parameterizations that can be improved for the South Fork. These notably
include the current method of calculating Teff , which produces an unrealistically warm tempera-
ture when compared to both in situ network soil temperatures and temporary flux tower samples
of vegetation and soil temperature. Reverting to K = 1 (as in version 1) while using C = 0.246
for morning overpasses and C = 1 for evening overpasses numerically mimics the observed differ-
ences between corn and soybean canopy temperatures and that of the soil. While L2SM retrievals
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utilizing this modified Teff degrade the observed bias in the South Fork, ubRMSE improves for
all algorithms and the coefficient of determination indicates a stronger relationship between ob-
served and retrieved values of soil moisture. When using our proposed Teff for 2015 – 2018, the
baseline SCA–V is has a dry bias of 0.07± 0.01m3m− 3 during March, April, and November, im-
proves to 0.05± 0.01m3m− 3 during the transition months of May/June and September/October,
and then worsens to 0.10± 0.01m3m− 3 too dry during July and August. It has an ubRMSE of
0.04± 0.01m3m− 3.
Seasonal patterns in SMAP L2SM bias (i.e., the extreme SCA dry bias in periods of bare soil)
correspond well with the theoretical effect of parameterizing a too–smooth soil surface. Additionally,
while SMAP assumes that HR is static, L–band roughness is known to change both inter– and intra–
annually in response to rainfall, farm management activities [Zobeck and Onstad, 1987; Patton and
Hornbuckle, 2013] and soil moisture [Wigneron et al., 2001; Panciera et al., 2009]. We therefore
believe that the “next step” in improving L2SM in the South Fork is to utilize a dynamic soil
surface roughness during bare soil periods. This may also reduce the peak ubRMSE observed
during May/June when the South Fork is transitioning from a period when soil surface roughness
effects are dominant to one characterized by the development of corn and soybean. The clay fraction
and single scattering albedo may also need adjustment, however the effect of such a small change in
clay is essentially negligible and there is little consensus on appropriate satellite–scale values for ω
in a mixed corn and soybean pixel. The cause of the dry bias during the heavily vegetated months,
observed in all three retrieval algorithms, remains unknown, however an under–estimation of VOD
would produce the same effect.
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CHAPTER 3. CHARACTERIZING ROUGHNESS AND VEGETATION AT
THE SOUTH FORK CORE VALIDATION SITE
Portions of this chapter will be presented at the 2019 IEEE International Geoscience and Remote
Sensing Symposium (IGARSS 2019, WE3.R6). The concept of identifying the
roughness–vegetation signal in L2VOD was presented at IGARSS 2018 (MO4-R3-2).
The content of this chapter is intended for submission to Remote Sensing of Environment
3.1 Introduction
In Chapter 2 we found that SMAP L2SM performance varies seasonally in the South Fork.
Temporally this corresponded with the changes in land cover associated with annual agriculture:
the surface is characterized by bare soil until sometime after crop emergence, then crops grow and
senesce, and finally returns to bare soil following harvest. Increasing soil surface roughness, as
occurs with tillage during the bare soil period [Zobeck and Onstad, 1987], increases (warms) TB
as rough soils are less reflective, and consequently have a higher emissivity and TB, than smooth
soils (Eq. 2.8). Vegetation growth effects TB similarly: higher VOD increases both the absorption
of radiation emitted from the soil by the canopy and the amount emitted from the canopy itself
(Eqs. 2.6 and 2.7). This behavior at L–band leads to the entanglement of roughness and vegetation
effects in SMAP–observed TB. The inability to disentangle HR and Mw changes during retrieval
has led to L–band satellite missions choosing to retrieve L2VOD while parameterizing roughness.
Section 2.5.5 noted that the SMAP team has not recommended a particular method for cal-
culating model roughness and presented many recent attempts within the L–band remote sensing
community to calibrate the HR and NRp coefficients. Regardless of methodology or outcome, the
common thread within these studies has been that HR is treated as a static parameter. This may be
valid for land classes whose roughness does not vary significantly intra–annually (e.g., grasslands),












Figure 3.1 Conceptual diagram of retrieved L2VOD in the U. S. Corn Belt.
mon. Tomer et al. [2008] reported that South Fork croplands were 31% conventional tillage (< 30%
residue remaining after tillage), 62% mulch tillage (> 30% residue remaining), and only 7% no–till.
While L2VOD is ideally representative of only Mw, Patton and Hornbuckle [2013] found that soil
surface roughness variations in U. S. Corn Belt were interpreted as changes to SMOS L2VOD dur-
ing retrieval due to the static parameterization of roughness. Figure 3.1 illustrates our conceptual
understanding of how roughness and vegetation effects combine into retrieved L2VOD when both
annual crops and tillage are present.
We believe that the next step towards improving SMAP L2SM performance in the Corn Belt is
better understanding the annual variations of soil surface roughness and vegetation. We hypothesize
that, using our conceptual knowledge of L2VOD and soil observations in the South Fork, it is
possible to produce realistic retrievals of roughness and vegetation from SMAP TB. To the best of
our knowledge these will be the first temporally–dynamic retrievals of soil surface roughness at the
satellite–scale.
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Table 3.1 Transition dates for L2VOD stages in the South Fork.
Stage I ⇒ II Stage II ⇒ III
2015 12 Jun 1 Oct
2016 1 Jun 27 Sep
2017 21 May 14 Oct
2018 6 Jun 23 Sep
3.2 Identifying Transition Dates
Using our conceptual knowledge of annual HR and Mw variations, a year in the Corn Belt can
be separated into three periods: Stage I, where early–spring tillage roughens the soil surface and is
subsequently smoothed by field cultivation and rainfall; Stage II, where Mw increases due to corn
and soybean growth and then decreases during senescence; and Stage III, where harvest and late–
fall tillage increase HR. Stages are delineated from the DCA–retrieved L2VOD (reprocessed using
the modified Teff , see Fig. 2.8), where transition dates are identified from minima in the smoothed
timeseries. We chose to smooth L2VOD using a moving median with a 7–day centered window;
the moving median method was chosen over a moving mean due to the high–frequency noise in
L2VOD. Figure 3.2 provides the 2015–2018 timeseries of reprocessed L2VOD in the South Fork
with highlighted L2VOD stages. The transition dates, given in Table 3.1, will be used to determine
when to retrieve HR (Stages I and III) as opposed to VOD (Stage II).
The nature of identifying stages via minima in L2VOD limits us to a retrospective analysis.
Luke Sloterdyk, an undergraduate who worked with the Hornbuckle group in the spring of 2019
as part of the honors program, began the process of correlating transition dates for 30 SMOS and
SMAP pixels with USDA–NASS Iowa Crop Progress and Condition reports. It should be noted
that there is a spatial discrepancy between a SMAP pixel, which is approximately the size of an
Iowa county, and a Crop Reporting District (consists of 9 to 12 counties). After binning pixels
into their respective districts, Luke found that the first transition date (Stage I ⇒ II) typically
occurred sometime after corn had emerged. The first step towards real–time retrievals of HR should
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Figure 3.2 L2VOD stages in the South Fork for 2015–2018. Transition dates are visually identified
from minima in the 7–day median reprocessed L2VOD.
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therefore be investigating the link between the first transition date and thermal time accumulated
since emergence. The second transition date (Stage II ⇒ III) typically occurred during harvest.
3.3 Retrieving Roughness and Vegetation from SMAP in the South Fork
The SCA is designed to retrieve soil moisture, however it can be used to retrieve any single
variable so long as the others are provided as ancillary input. We therefore use the SCA to re-
trieve HR (during Stages I and III) and VOD (during Stage II) in the South Fork for 2015–2018.
Retrievals are obtained by optimizing Eq. 2.11, where observed TBp is extracted from version 2 of
the SPL2SMP_E product (see Section 2.2.2) and simulated TBp is calculated via Eqs. 2.6–2.9 for
h–pol and Eqs. 2.6–2.8, 2.10 for v–pol. If the algorithm is unable minimize ∆TBp to within 1.5K
the HR/VOD retrieval fails and is discarded.
With the exception of ω and NRp, parameterized to the SMAP defaults of 0.05 and 2, respec-
tively [Chan et al., 2016], the remaining inputs required by the SCA are defined specific to the
South Fork. Teff is calculated following Eq. 2.13, where TSL1 is the network average 5 cm soil tem-
perature, TSL2 is the 20 cm soil temperature, K = 1, C = 0.246 for morning overpasses, and C = 1
for evening overpasses. This is the more physically realistic method of calculating Teff discussed in
Section 2.5.2. The clay fraction for the South Fork is assumed to be 0.27 following Coopersmith
et al. [2015]. Soil moisture is defined as the spatially weighted average soil moisture (WASM, see
Section 2.2.3) for the South Fork in situ network.
3.3.1 Retrieving Model Roughness (HR)
Figure 3.3 presents the HR retrieved from both TBh and TBv during Stages I and III in the
South Fork. The SMAP default roughness for croplands (HR = 0.108 [Chan et al., 2016]) is included
for reference. Individual HR retrievals are noisy. This was expected, as both the L2SM and L2VOD
products themselves are noisy, and we therefore additionally calculated the 7–day moving median
of retrieved HR. To approximate background vegetation, such as forest and grassland, VOD was
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assumed to be the minimum of the SCA–utilized climatological VOD (0.061Np, extracted from
SPL2SMP_E) during Stages I and III.
NRp parameterizes the dependence of roughness effects on incidence angle in Eq. 2.8. The
current use of NRh = NRv assumes that angular sensitivity to roughness is the same at both h– and
v–pol. Integer values for NRp vary widely by retrieval algorithm: NRp = 2 for SMAP L2, NRv = 0
and NRh = 2 for SMOS L2 [Wigneron et al., 2017], and NRp = −1 for SMOS–IC [Fernandez-
Moran et al., 2017b]. Figure 3.4 illustrates that each reduction in NR results in decreasing HR by
a magnitude of cos(40◦); this due to SMAP observing TBp at a single incidence angle of θ = 40◦.
Figure 3.5 presents the relationship between HRv and HRh aggregated over 2015–2018; the slope
between the two is 1.1 when calculated for individual retrievals and 1.0 for the 7–day median.
The lack of significant difference between HR at h– and v–pol suggests that the current use of
NRh = NRv is suitable for the South Fork.
3.3.2 Retrieving Vegetation Optical Depth (VOD)
Figure 3.6 presents the VOD retrieved at h– and v–pol during Stage II in the South Fork. VOD
estimated from v–pol TB tends to be significantly larger than that of h–pol. It should be noted
that VOD retrieval is incredibly sensitive to HR parameterization (rougher HR produces smaller
VOD) and the magnitude of VOD is therefore dependent on correctly identifying the transition
date between Stages I and II. HR during Stage II, provided in Table 3.2, was parameterized to the
most recent Stage I value as smoothed by the 7–day median.
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Figure 3.3 Retrievals of HR (assuming NRp = 2) in the South Fork during periods of bare soil.
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Figure 3.4 Smoothed HR retrievals at h–pol for NR = − 1, 0, 1 and 2 in the South Fork.
VOD is typically considered to be unpolarized. This conceptually makes sense at nadir (re-
member that VOD and τnadir are synonymous) due to there not being much difference between
canopy structure at h–pol and v–pol when observed normal to the surface. However, SMAP does
not observe τ at nadir, but rather τ at 40◦; this is adjusted to VOD by multiplying τ by cos(40◦).
While τ is referred to as an attenuation factor, it is mathematically given by Eq. 3.1, where κa is the
absorption coefficient (dependent on λ and the imaginary part of the canopy index of refraction)
and κs is the scattering coefficient. τ is therefore dependent on scattering and, as discussed in




κa + κs dz (3.1)
In Section 2.5.3, we found that SMAP L2SM performance for the SCA–V improved when a
smaller ω was utilized. This suggests that ωv < ωh for the corn and soybean mix in the South Fork,
which is consistent with what Hornbuckle et al. [2003] found in corn. We do not have physical
measurements of κs and κa to calculate ω, defined by Eq. 3.2 as the ratio of scattering to extinction
(absorption plus scattering) within the canopy, in the South Fork. However we can conduct a
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Figure 3.5 The relationship between v–pol and h–pol HR retrievals in the South Fork.
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Figure 3.6 Retrievals of VOD in the South Fork during periods of annual crop growth.
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Figure 3.7 v–pol versus h–pol VOD retrievals in the South Fork for ωp = 0.05 (left) and ωv = 0.02
/ ωh = 0.05 (right).
purely numerical exercise to determine if reducing ωv can produce an unpolarized VOD. Figure 3.7
illustrates that if ωv = 0.02, while ωh remains at 0.05, the result is less polarized VOD retrievals
in the South Fork during Stage II in 2015–2018. The retrieved HR and VOD timeseries using




The parameterization of HR can additionally cause polarized VOD retrievals. If HRv is assumed
to be much smaller than HRh, retrievals of VODv would be larger than VODh as the SCA would
interpret the higher emissivity as more vegetation rather than a rougher soil. However, Figure 3.3
and Table 3.2 disprove this as the cause of the polarized VOD as the difference between HRh and
HRv is not consistent.
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3.4 Assessing the Realism of HR and VOD Retrievals
How realistic are our timeseries of HR and VOD in the South Fork? Do in situ observations exist
to validate these at the satellite–scale? It is our responsibility to validate, or at least identify the
strengths and weaknesses of, this method of dissecting the roughness–vegetation signal in L2VOD
before proceeding to apply it to soil moisture retrievals.
3.4.1 Roughness Sampling during SMAPVEX16–IA
In the summer of 2016, the South Fork CVS was one of two domains where extensive in situ
sampling was conducted for the Soil Moisture Active Passive Validation Experiment (SMAPVEX16)
[Cosh et al., 2019]. We collaborated with Bill Eichinger, Vivian Wallace, and Enes Yildirim from
the University of Iowa to sample soil surface roughness throughout the South Fork. This presents a
unique opportunity to compare satellite–scale retrievals of HR to physical observations of roughness
that are not just single points. The roughness sampling during the first Intensive Operations Period
(IOP1, 25 May – 5 June, 2016) was coincidentally centered on the Stage I ⇒ II transition date
for 2016 (1 June), which conceptually is the period in the spring and summer with the lowest HR
(smoothest soil).
Three methods of roughness sampling were conducted: lidar, pinboard, and gridboard. Fig-
ure 3.8 provides photos, taken by the roughness sampling team, of each of these methods during
SMAPVEX16–IA. At each field where the lidar was deployed, a set of scans was performed along a
row (parallel to row direction) and across rows (perpendicular to row direction); this was then repli-
cated in another section of the field. A set of lidar scans consisted of a 3m scan and a triple–lined
scan (3 × 3m) with an average distance of 2.5mm between points. The pinboard and gridboard
both had a 1m transect with a point separation of 5mm. A series of six photos (three across–
row and three in–row) were taken for both board types at three locations for a total of 36 photos
per field (18 pinboard and 18 gridboard). A full description of roughness data collection, analysis
steps, and results can be found in the SMAPVEX16–IA Roughness Sampling Report provided in
Appendix C.
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(a) lidar (b) pinboard
(c) gridboard
Figure 3.8 Photos of lidar, pinboard, and gridboard sampling during SMAPVEX16–IA.
51
Figure 3.9 Example of a soil surface profile collected via gridboard during SMAPVEX16–IA.
Measuring soil surface roughness results in a profile of soil surface heights; an example is provided
in Figure 3.9. The three sampling methods result in different values for physical roughness due to
their observing slightly different heights for the same surface. Lidar works by emitting a pulsed
laser and timing how long before the reflected signal is observed; this is proportional to the distance
between the sensor and the surface. Variations in lidar–derived surface heights are due to soil surface
roughness as well as any residue or vegetation within the sampling area. The gridboard, and to
a lesser extent the pinboard, require a human to identify the surface height from a photo and as
such we are able to filter out objects that are not part of the soil. The lidar is also able to detect
smaller–scale roughness variations due to having less distance between sampling points (2.5mm as
opposed to 5mm).
After removing the mean slope of the surface, roughness is quantified by two parameters: the
standard deviation of the surface height, σs, and the correlation length, lc [Mo and Schmugge,
1987]. lc describes how far apart two points can be on the transect before their heights are no
longer correlated with each other. Figures 3.10 and 3.11 present the average σs and lc at each
sampling site during SMAPVEX16–IA IOP1 for lidar, pinboard, and gridboard. These illustrate
the variability of roughness conditions within the network, particularly when observed by the lidar.
σs and lc are calculated as the arithmetic mean of across– and in–row roughness observations. As
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Figure 3.10 σs during SMAPVEX16-IA IOP1 as sampled by lidar, pinboard, and gridboard. The
SMAP 33 km radiometric resolution () is included for reference.
Figure 3.11 lc during SMAPVEX16-IA IOP1 as sampled by lidar, pinboard, and gridboard. The
SMAP 33 km radiometric resolution () is included for reference.
expected, σs is largest for the lidar observations and then decreases for the pinboard and gridboard.
lc is much higher (approximately double) for the lidar than for the pinboard and gridboard.
The mean σs during SMAPVEX16–IA IOP1 was: 16.4± 0.5mm for the lidar, 12.1± 0.2mm for
pinboard, and 9.5± 0.2mm for gridboard. The mean lc was 108.9± 7.3mm for lidar, 39.1± 1.3mm
for pinboard, and 59.7± 1.2mm for gridboard. The reported standard error accounts for variability
within the field (multiple observations made in each), variability across the South Fork network,
and human error in analyzing pinboard and gridboard images. Human error was quantified by
having four people analyze the same set of three gridboard images and three pinboard images at
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corresponding locations. The photo locations were chosen to visually represent smooth, rough,
and very rough soil surfaces; two were across–row and included young corn and soybean that the
analyst had to filter out while the third was in–row.
3.4.2 Converting Physical Roughness Observations to HR
We cannot compare retrieved HR, a dimensionless coefficient, to the SMAPVEX16–IA observa-
tions of roughness without first converting those observations to model roughness. However, there
are several published means for calculating model roughness and SMAP documentation does not
recommend any one method in particular. Peng et al. [2017] recently surveyed methods of calcu-
lating HR in the literature and found that the results are highly variable depending on the ingested
dataset, model calibration, and assumptions made. We will approximate the SMAPVEX16–IA HR
using both the original Choudhury et al. [1979] method and the Wigneron et al. [2001] method.
Choudhury et al. [1979] investigated the effect of soil surface roughness on microwave emissivity
and developed a single–parameter (σs) model roughness. The Choudhury roughness is given by
Eq. 3.3; this is the method that SMOS L2 recommends to compare HR and σs [Kerr et al., 2012].
Applying this method of calculating model roughness to our SMAPVEX16–IA observations results
in HR = 1.66 for the lidar, HR = 0.51 for pinboard, and HR = 0.31 for gridboard. Regardless of
how σs was obtained, the corresponding Choudhury et al. [1979] model roughness are higher than








Wigneron et al. [2001] argue that, at L–band, model roughness is not only dependent on the
physical roughness but on the soil moisture as well. This is due to spatial heterogeneity in soil
texture that results in soils appearing rougher when dry. Panciera et al. [2009], Escorihuela et al.
[2010], and others have found results consistent with HR having a dependence on soil moisture.
Simulations by Lawrence et al. [2013] found a negligible dependence of HR on soil moisture, however
Wigneron et al. [2017] suggest that this conclusion was due to the assumption that soil moisture
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was homogeneous in the observed surface. While SMOS L2SM retrievals do modify HR based on
soil moisture [Kerr et al., 2012] this has not been adopted in the SMAP L2SM retrieval algorithms.
The Wigneron roughness is given by Eq. 3.4, where A = 0.5761, B = −0.3475, and C =
0.4230 are empirically–derived parameters and θv is soil moisture. Converting the SMAPVEX16–
IA observations of σs and lc into HR using the Wigneron et al. [2001] method, where θv is the
South Fork WASM, results in Figure 3.12. HR varies from 0.38 to 0.74 depending on sampling
method and soil moisture. While the lidar produced the highest σs, HR is highest for the pinboard
in Figure 3.12. This is due to the lidar sampling producing a much larger lc than that of the
pinboard or gridboard during SMAPVEX16–IA. Figure 3.13 presents the HR retrieved from h–
and v–pol TB in the South Fork during 2017 with overlaid daily precipitation observations. As
the South Fork experience periods of several days without rain, the retrieved HR increases; this
is observed in reverse when HR decreases immediately following rainfall. The inverse relationship
between HR and soil moisture in the Wigneron et al. [2001] model of HR would also explain the
seemingly–random peaks and troughs in the retrieved HR depicted in Figure 3.3.






Both the Choudhury et al. [1979] and Wigneron et al. [2001] methods produce an HR that is
larger than what we retrieved at the 2016 Stage I⇒ II transition date (HR = 0.125 and 0.070 for h–
and v–pol, respectively). However, this is likely because those values are uncharacteristically low.
While HR = 0.125 and 0.070 for h– and v–pol were the 7–day median HRp, the trends in Stage I
HR retrievals in Figure 3.3 suggest that these are weighted by outliers. If the transition date had
occurred just a few days earlier in these years, or if the outlying smooth retrievals had failed, then
the retrieved HRp would be rougher and more in line with the SMAPVEX16–IA observations as is
the case during 2015 and 2018. The end of Stage I in 2016 and 2017 additionally correspond with
periods of sustained rainfall which would smooth both physical roughness observations [Zobeck and
Onstad, 1987] and model roughness [Wigneron et al., 2001].
Our HR retrievals in the South Fork are within the admittedly large range of values reported for
bare soils at L–band: ≈ 0 to <2 (Wigneron et al. [2001]; Lawrence et al. [2013]; Fernandez-Moran
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Figure 3.12 HR calculated following Wigneron et al. [2001] during SMAPVEX16–IA.
Figure 3.13 HR retrieved at h– and v–pol in the South Fork with overlaid daily precipitation
during 2017.
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et al. [2015] and others). Most retrievals of HR have been local tower–based experiments that are
assumed to apply to larger scales. Parrens et al. [2016] retrieved satellite–scale HR of 0.12 – 0.34
for cultivated croplands over the global domain by assuming that HR was static. To the best of
our knowledge this analysis is the first to measure a temporally dynamic HR for croplands at the
satellite–scale.
3.4.3 Modelling VOD from Vegetation Sampling
While the mathematical definition of VOD was discussed earlier this chapter, there is an em-
pirical relation (given by Eq. 3.5) between VOD and its explanatory variable, Mw, where the
crop–specific b–parameter is the linear slope between the two [Mo et al., 1982]. Mw for a mixed
corn and soybean canopy begins near–zero (at emergence), peaks at around 4 kgm− 2 (between
R2:blister and R3:milk stages in corn), and returns to zero at harvest [Hornbuckle et al., 2016].
VOD = bMw (3.5)
Togliatti et al. [2019] found that b = 0.06 for the South Fork. They calculated the b–parameter
following Eq. 3.5, where VOD was extracted from both the SPL2SMP_E (version 1) and SMOS L2
(version 6.5.0) products andMw was derived from the dry biomass modelled by Agro–IBIS (an agro–
ecosystem model, Kucharik [2003]) for each in situ station in the South Fork CVS and local sampling
relating dry biomass to Mw. The Togliatti et al. [2019] b–parameter is consistent with Wigneron
et al. [2007], who use b = 0.05 to 0.06 for corn, however it is only half the classic parameterization
of b = 0.115 [Jackson and O’Neill, 1990; Jackson and Schmugge, 1991]. Wigneron et al. [2007]
surveyed literature values and found that b = 0.12± 0.03 was realistic for most crop types with the
aforementioned exception of corn.
The maximum 7–day median VOD retrieved in the South Fork (performed in Section 3.3.2;
ωh = 0.05, ωv = 0.02) is given in Table 3.3. This corresponds with a peak Mw on the order of
8 to 12 kgm− 2 using the South Fork b = 0.06 provided by Togliatti et al. [2019]; if the Jackson
and O’Neill [1990] value of b = 0.115 is utilized then the peak Mw would be 6 to 8 kgm− 2. Both
of values of the b–parameter utilized in Table 3.3 result in a peak Mw larger than the ≈ 4 kgm− 2
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Table 3.3 Peak 7–day median VOD, retrieved during Stage II in the South Fork, and corresponding
Mw calculated with b = 0.06 and b = 0.115.
VOD, Np Mw (b = 0.06) Mw (b = 0.115)
h–pol v–pol h–pol v–pol h–pol v–pol
2015 0.48 0.48 8.0 8.0 4.2 4.2
2016 0.70 0.69 11.7 11.6 6.1 6.0
2017 0.68 0.69 11.3 11.5 5.9 6.0
2018 0.50 0.54 8.3 9.0 4.3 4.7
given as typical for mixed corn and soy in Iowa by Hornbuckle et al. [2016]. The 2016 and 2017
peak VOD and Mw are likely larger than their 2015 and 2018 counterparts due to having a lower
Stage II HRp (see Table 3.2).
Even the smoothed timeseries of retrieved VOD in Figures 3.6 and B.2 are “bumpy” during
the early summer, particularly for 2017. While technically this occurs during Stage II, charac-
terized by vegetation growth, crops at this time are small and the canopy is not yet closed. It
is therefore possible for large increases in HR to be detected by the SMAP radiometer through
the low canopy and subsequently be interpreted as a change in VOD. We believe that this is the
reason for the early–season VOD peak observed in both L2VOD and our retrieved VOD in 2017 as
there was an extended period without rainfall in early June 2017 that resulted in dry soil moistures
(WASM < 0.15m3m− 3). While we only have soil moisture data for the South Fork, Luke Sloterdyk
noted that this early season peak in 2017 L2VOD was widespread in the north–west, north–central,
west–central, and central Iowa SMAP pixels for which he identified L2VOD transition dates.
3.5 Conclusion
L2VOD in the South Fork exhibits a distinct roughness–vegetation pattern that follows our
conceptual model in Figure 3.1. It is possible to retrospectively identify transition dates for
Stage I ⇒ II, when roughness effects give way to growing vegetation, and Stage II ⇒ III, when
senescent vegetation is harvested and soil roughens. We identified these dates in the reprocessed
L2VOD (which utilizes the modified Teff from Section 2.5.2) for 2015–2018 in the South Fork. Using
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the Single Channel Algorithm (SCA) and South Fork observations of soil moisture and tempera-
ture, HR was retrieved from SMAP TBp during Stages I and III. This HR is dependent on both soil
moisture and physical roughness and is comparable to literature values for rough agricultural soils.
VOD was retrieved during Stage II by setting HRp to the smoothed value from the end of Stage I.
We had the opportunity to compare the 2016 Stage I ⇒ II HRp to observations of physical
roughness taken during SMAPVEX16–IA IOP1. The three sampling methods (lidar, pinboard,
and gridboard) resulted in different σs and lc both for individual sites and for the network as a
whole. Although the range of SMAPVEX16–IA HR produced from the Wigneron et al. [2001]
method of converting σs, lc, and soil moisture to HR is large, it is consistent with our retrievals of
HR during this period. The magnitude of Stage I ⇒ II HRp is heavily dependent on the L2VOD
transition date; errors in this propagate to Stage II VOD as utilizing smaller HR results in larger
VOD. The maximum retrieved VOD during the growing season (Stage II) is significantly larger than
literature values for corn and soybean as approximated by Mw for all years analyzed. Interestingly,
this over–estimation of Mw produces the same effect of increasing emissivity as does the dry bias
observed in SMAP L2SM during this period. It seems that, while these retrieved values minimize
the difference between observed and simulated TBp , there is some process increasing emissivity that
is not accounted for by the retrieval algorithm.
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CHAPTER 4. USING THE ROUGHNESS–VEGETATION PATTERN TO
RETROSPECTIVELY RETRIEVE SOIL MOISTURE
The content of this chapter is intended for submission to IEEE Geoscience and Remote Sensing
Letters
4.1 Hypothesis
In Chapter 3 we showed that it is possible the use our conceptual knowledge of roughness–
vegetation patterns in the U. S. Corn Belt to separate the year into periods in which either HR
or VOD controls the L2VOD signal. We now intend to apply this to soil moisture retrievals in
the South Fork during 2015–2018. We hypothesize that switching the operational DCA L2SM
and L2VOD retrievals to L2SM and either HR or VOD depending on time of year will reduce the
seasonal L2SM biases observed in the South Fork. This assumes that the seasonal biases found
in Chapter 2 were due to inappropriate parameterizations of HR and VOD and does not address
the suggestion in Section 3.5 that there is some process not included in the τ − ω model that is
increasing SMAP–observed emissivity.
4.2 Methodology
Table 3.1 provided the roughness–vegetation stages for the South Fork during 2015–2018. These
transition dates were identified from relevant minima in the 7–day median reprocessed L2VOD
that incorporated our modified (and more realistic) Teff . We retrieve L2SM in the South Fork by
interpreting the L2VOD signal as due to changes in either HR (Stages I and III) or VOD (Stage II).
Retrievals are performed by minimizing the the cost function in Eq. 2.12, where simulated TB is
calculated using the Dual Channel Algorithm (DCA) as given by Eqs. 2.6–2.10. The minimized
∆TB from Eq. 2.12 must be less that 1.5K for a retrieval to be considered successful.
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Observed TBp was extracted from version 2 of SPL2SMP_E product (see Section 2.2.2). SMAP
overpasses are filtered prior to retrieval for unmitigated RFI and adverse surface conditions such
as heavy rain. The following parameterizations are required for the DCA: clay fraction, ω, NR,
VOD for Stages I and III, and HR for Stage II. The clay fraction in the South Fork equals 0.27
according to Coopersmith et al. [2015]; this is slightly less than the SMAP–assumed value of 0.31
(see Section 2.5.4). NR is set to the SMAP croplands default of NRp = 2. During Stages I and III,
VOD is set to the minimum of the SMAP–reported climatology (0.061Np) to represent background
vegetation such as forest and grassland. In Stage II, HR is parameterized to the smoothed value
reported at the end of Stage I.
L2SM was retrieved utilizing both South Fork Teff (similar to in Section 3.3) and the Teff
extracted from the SPL2SMP_E modified by dividing the version 2 value by K = 1.02 to be more
representative of corn and soybean following Section 2.5.2. For the case where Teff is derived from
South Fork soil temperatures we further retrieved L2SM for two scenarios: one where scattering is
unpolarized (ωp = 0.05) and the other where ωh > ωv (ωh = 0.05, ωv = 0.02).
4.3 L2SM Retrievals Using South Fork Soil Temperatures
4.3.1 Unpolarized Scattering
The first L2SM retrieval scenario is that of unpolarized scattering; here ωh = ωv = 0.05. While
Hornbuckle et al. [2003] found that ωv < ωh in corn, SMAP utilizes ωp = 0.05 for all croplands and
this scenario is intended to be more comparable with the SMAP L2SM reprocessed with the modified
Teff . Figure 4.1 presents the L2SM timeseries retrieved in the South Fork when the L2VOD signal
is interpreted as HR (Stages I and III) or VOD (Stage II) and scattering is unpolarized (ωp = 0.05).
L2SM continues to underestimate the South Fork WASM (dry bias) during Stage II. HR during
Stage II is parameterized to the final Stage I median value; HR = 0.360, 0.412, 0.396 and 0.709 for
2015–2018, respectively. Unlike the SCA–retrieved Stage II HR in Chapter 3.3.1, where 2016 and
2017 were much smoother than 2015 and 2018, the Stage II HR retrieved by the DCA is consistent
between years.
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Figure 4.1 Retrievals of L2SM in the South Fork when L2VOD is retrospectively considered to
be either due to HR or VOD. Scattering is unpolarized (ωp = 0.05) and Teff is derived
from in situ soil temperatures.
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4.3.2 Polarized Scattering
The second L2SM retrieval scenario is for polarized scattering (v–pol less than h–pol); here ωh =
0.05 and ωv = 0.02. This scenario was motivated by a combination of SMAP L2SM performance
improving when ωv was reduced in Section 2.5.3 and the relatively unpolarized VOD retrievals
produced using ωh = 0.05 and ωv = 0.02 in Section 3.3.2 (see Appendix B). HR during Stage II is
parameterized to the final Stage I median value of HR = 0.422, 0.433, 0.427 and 0.793 for 2015–
2018, respectively. The Stage II HR becomes slightly rougher when scattering is considered to be
polarized. The difference between Stage II HR is small; as there is little VOD during Stage I, the
terms in Eq. 2.5 impacted by ω are also very small. Figure 4.2 presents the L2SM retrieved in the
South Fork when L2VOD is interpreted as HR (Stages I and III) or VOD (Stage II) and scattering
is polarized (ωh = 0.05, ωv = 0.02). L2SM in this scenario does poorly during Stage II retrievals,
at times over– and underestimating the South Fork WASM, and does not follow well the wetting
and drying dynamics of WASM during this period.
4.3.3 Results
Visually the L2SM with unpolarized and polarized scattering appear to perform similarly during
Stages I and III. While dry–biased, the L2SM with unpolarized scattering better follows the tem-
poral dynamics of South Fork WASM than the L2SM with polarized scattering during Stage II. As
Stage II is problematic, we further investigated the corresponding VOD retrievals. Figure 4.3 com-
pares VOD retrievals in the South Fork when scattering is considered to be unpolarized (ω = 0.05)
versus polarized (ωh = 0.05, ωv = 0.02). While L2SM is wetter overall when ωv < ωh, this appears
to be a mathematical result of the unrealistically large VOD retrievals produced in this scenario.
Interestingly, while the SCA VOD in Chapter 3 exhibited an early–season peak in June 2017
(Fig. 3.6), this does not appear in the DCA VOD. Our DCA retrievals of HR also show less effect
from extremes in soil moisture than they did in the SCA HR.
Figure 4.4 presents a comparison between WASM and the L2SM (with unpolarized scattering)
during 2015–2018. The L2VOD stages are colorized separately to highlight differences between
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Figure 4.2 Retrievals of L2SM in the South Fork when L2VOD is retrospectively considered to
be either due to HR or VOD. Scattering is polarized (ωh = 0.05, ωv = 0.02) and Teff
is derived from in situ soil temperatures.
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Figure 4.3 Comparison of VOD retrievals in the South Fork when scattering is unpolarized
(ωp = 0.05) versus polarized (ωh = 0.05, ωv = 0.02) and Teff is derived from in situ
observations.
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Table 4.1 Performance metrics for retrieved L2SM (Teff derived from in situ observations, assum-
ing unpolarized scattering) as compared to South Fork WASM during Stages I, II, and
III, 2015–2018.
bias, m3m− 3 ubRMSE, m3m− 3 R2
Stage I − 0.003 0.053 0.62
Stage II − 0.064 0.048 0.71
Stage III 0.027 0.052 0.50
Table 4.2 Performance metrics for SMAP L2SM (reprocessed with modified Teff from Sec. 2.5.2)
are provided for comparison to Tables 4.1 and 4.3.
bias, m3m− 3 ubRMSE, m3m− 3 R2
Stage I − 0.016 0.057 0.62
Stage II − 0.078 0.048 0.71
Stage III − 0.001 0.049 0.53
their performance. The retrieved L2SM did well during Stage I; there is relatively no bias and the
slope is close to 1:1 with the South Fork WASM. L2SM is dry–biased during Stage II similar to the
performance of SMAP L2SM in Chapter 2. During Stage III the retrieved L2SM is skewed wet as
the model was unable to replicate the dry–down dynamics of 2016 and 2017 during this period and
remains moist throughout (Fig. 4.1).
The retrieval statistics for Stages I, II, and III are given in Table 4.1. While Stage II has the
worst (driest) bias, it has the least random error and has the highest coefficient of determination.
Table 4.1 presents the metrics summarized by L2VOD stages for the DCA SMAP L2SM that
was reprocessed with the modified Teff in Chapter 2 (Figs. 2.5, 2.6, and 2.7). Retrospectively
separating HR and VOD effects resulted in minor performance improvements when compared to
simply modifying Teff .
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Figure 4.4 L2SM retrieval performance in the South Fork when scattering is unpolarized and Teff
is derived from in situ observations.
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4.4 L2SM Retrievals Using Modified SMAP Surface Temperature
L2SM retrievals utilizing the South Fork Teff perform well when the roughness–vegetation signal
is separated. The next step is to perform this analysis using SMAP–reported surface temperature.
As described earlier, the SMAP–reported effective surface temperature is modified by dividing
the SPL2SMP_E version 2 value by K = 1.02 to be more representative of corn and soybean
following Section 2.5.2. The modified SMAP Teff averages 0.4K warmer than the South Fork Teff
for 2015–2018 SMAP overpasses; the RMSE between the two is 2.0K.
Figure 4.5 presents the L2SM timeseries retrieved in the South Fork when the L2VOD signal is
interpreted as HR (Stages I and III) or VOD (Stage II), scattering is unpolarized (ωp = 0.05), and
Teff is modified from the SMAP–reported surface temperature. As was the case when South Fork Teff
was utilized, retrieved L2SM continues to underestimate the South Fork WASM (dry bias) during
Stage II. HR during Stage II is parameterized to the final Stage I median value; HR = 0.371, 0.417,
0.372 and 0.721 for 2015–2018, respectively. Visually the L2SM timeseries appears to capture the
wetting and drying patterns of the South Fork WASM, however to a lesser extent than the L2SM
retrieved using actual South Fork in situ soil temperatures to calculate Teff .
Figure 4.6 presents a comparison between WASM and the L2SM retrieved with the modified
SMAP Teff . Stages I and III have relatively little bias, however L2SM is poorly correlated during
Stage III and the low bias appears to be more of a mathematical side–effect rather than due to
“good” retrievals. It is apparent from Figure 4.6 that, in addition to the Stage II L2SM having
a significant dry bias, the retrieved L2SM may have been even drier had the retrieval algorithm
not constrained minimum soil moisture to 0.02m3m− 3 for consistency with Chan [2018]. Table 4.3
provides the bias, ubRMSE, and R2 of the combined 2015–2018 retrievals during each stage. While
the Stage II bias has some minor improvement from the reprocessed SMAP L2SM, the remaining
performance metrics are either the same or, in the case of coefficient of determination for Stages I
and III, slightly degraded.
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Figure 4.5 Retrievals of L2SM in the South Fork when L2VOD is retrospectively considered to
be either due to HR or VOD. Teff is modified from SMAP surface temperature and
scattering is assumed to be unpolarized (ωp = 0.05)
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Figure 4.6 L2SM retrieval performance in the South Fork when scattering is unpolarized and Teff
is modified from SMAP surface temperature.
Table 4.3 Performance metrics for retrieved L2SM (Teff modified from SMAP) as compared to
South Fork WASM during Stages I, II, and III, 2015–2018.
bias, m3m− 3 ubRMSE, m3m− 3 R2
Stage I 0.000 0.056 0.58
Stage II − 0.072 0.046 0.73
Stage III 0.018 0.053 0.46
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4.5 Conclusion
We retrieved L2SM in the South Fork using the transition dates previously identified in Ta-
ble 3.1 to determine if the L2VOD signal should be treated as roughness or vegetation. Following
investigations of ω in Chapters 2 and 3, L2SM were retrieved utilizing the South Fork Teff for both
unpolarized (ωp = 0.05) and polarized (ωh > ωv) scenarios. L2SM was also retrieved using the
modification to SMAP–reported Teff previously discussed in Section 2.5.2. Some improvement was
noted in L2SM performance when the South Fork Teff was utilized.
We initially hypothesized that dissecting the roughness–vegetation signal would reduce the
seasonal L2SM biases in the South Fork. This is rejected as a significant dry bias remains during
Stage II when vegetation is growing and senescing. As we have now investigated each of the
parameterizations in the τ − ω model, the logical next step is the challenge the assumption that
the framework of the model is representative of the South Fork. The τ −ω model is a zeroth–order
radiative transfer model and as such first–order scattering is considered negligible. If radiation is
being scattered into the beam at θ = 40◦ by first–order scattering terms, which are not accounted
for in the current retrieval algorithm, this would account for the “extra brightness” that increases
emissivity and results in dry–biased retrievals of L2SM and the over–estimation ofMw in Chapter 3.
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CHAPTER 5. SUMMARY AND DISCUSSION
5.1 Problem Statement
Global retrievals of soil moisture produced by NASA’s SMAP mission have the potential to
improve weather forecasting models, increase agricultural productivity, and provide decision sup-
port for flood and drought management [Entekhabi et al., 2010]. Unfortunately, one of the regions
that could most benefit from these observations, the U. S. Corn Belt, is perhaps best described as
a “problem child” for SMAP. The South Fork Iowa River validation site (located in central Iowa)
and others classified as croplands struggle with increased random error and poorer correlation to
in situ observations when compared to validation sites in as grasslands or shrublands [Jackson
et al., 2018]. We hypothesized that these difficulties are due to the use of generic crop-
lands parameterizations in the retrieval algorithms and that errors can be reduced by
tailoring these parameterizations specific to the Corn Belt. Table 5.1 provides a summary
of examined parameterizations, as well as other potential sources of error that were discussed, and
their impact on soil moisture retrievals. While this analysis was conducted for the South Fork,
which is only a subset of the Corn Belt, we believe that the results are applicable to the wider
region. Although the exact fractional coverage differs across the region, the Corn Belt as a whole
experiences the same patterns of bare rough soil during the spring and fall that yield to mixed corn
canopies during the summer.
5.2 Step 1: A Seasonal Approach to Evaluating L2SM
SMAP core validation sites are officially evaluated on an overall basis: performance metrics
are calculated using all available data and reported for descending (AM) and ascending (PM)
overpasses. However, the Corn Belt has two distinctly different land cover periods as the surface is
characterized by the growth and senescence of annual crops during the summer and early–fall and
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Table 5.1 Resolving anomalous SMAP retrievals in the Corn Belt: status of investigative efforts.




test if Tsoil = Tveg; evaluate Teff Tsoil 6= Tveg. The v2 Teff is
unrealistically warm compared




compare 5 cm in situ soil
moisture to shallower layer
Rondinelli et al. [2015] found
that this worsens RMSE but not
bias
clay fraction compare ancillary datasets;
sensitivity analysis
SSURGO has clay = 0.27 while
STATSGO has clay = 0.31;
(minimal impact)
dielectric model sensitivity analysis for Dobson
et al. [1985], Mironov et al.
[2009], and Wang and Schmugge
[1980] models
Walker et al. [2018] found that
the Mironov and Wang and
Schmugge models result in dry
biased retrievals if clay is
underestimated. The Dobson




retrieve model roughness (HR)




HR decreases from rainfall
during the spring and increases
after fall tillage. HR is




compare climatology to SMAP
and SMOS L2VOD
Hornbuckle et al. [2016] found
that the timing of VOD in the
Corn Belt is dependent on
weather and farm management
decisions. (major impact for
SCA)
alternative VOD test using SMAP L2VOD (DCA)
during SCA retrievals instead of
climatology
–
vegetation model test if using a first–order
radiative transfer model to
retrieve L2SM accounts for
“extra brightness” in summer
proposed for future research
(major impact)
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then returns to bare rough soil between harvest and the next year’s crops. The hypothesis central
to Chapter 2 was that a seasonal approach to evaluating L2SM in the South Fork was
more appropriate and would reveal errors that were previously masked by evaluating
L2SM on an overall basis. Testing this hypothesis revealed that SMAP L2SM, which overall had
a near–zero bias, has individual monthly biases on the order of ± 0.10m3m− 3. There is seasonal
pattern evident, as the bare soil months have dry–biases for the Single Channel Algorithms and wet–
biases for the Dual Channel Algorithm; both SCA and DCA have dry–biases during the vegetative
months. There is additionally a seasonality to ubRMSE, which was at or near the mission accuracy
goal of < 0.04m3m− 3 for with the exception of during May/June, when the South Fork transitions
from bare soil to crop growth. When aggregated over the entire data record, evening retrievals of
SMAP L2SM have slightly better performance than morning retrievals as quantified by the bias,
unbiased RMSE, and coefficient of determination.
Having identified a clear seasonality in SMAP L2SM performance, we examined each of the
inputs to the τ − ω model to determine if they are representative of the South Fork. The largest
immediate issue was that of surface temperature: there were several changes to the calculation
of Teff in version 2 of the SPL2SMP_E product that increased temperature by 4 to 9K and
subsequently resulted in wetter L2SM and larger L2VOD retrievals. A modified Teff , in which
the SMAP–reported Teff is divided by K = 1.02, is more realistic for the South Fork and as
such was utilized for the remainder of this dissertation. When using our proposed Teff for 2015 –
2018, the baseline SCA–V has a dry bias of 0.07± 0.01m3m− 3 during March, April, and November,
improves to 0.05± 0.01m3m− 3 during the transition months of May/June and September/October,
and then worsens to 0.10± 0.01m3m− 3 too dry during July and August. It has an ubRMSE of
0.04± 0.01m3m− 3. Rough soils and the high Mw of corn are known confusion factors that need
to be accounted for during microwave remote sensing of soil moisture; as such it is not surprising
that we singled out HR and VOD as requiring a more in–depth analysis. The difference between
the Coopersmith et al. [2015] clay fraction of 0.27 and that utilized by SMAP in the South Fork
(clay = 0.31) is small enough that effect of implementing the fix is essentially negligible.
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5.3 Step 2: Characterizing HR and VOD in the South Fork
We decided that the next step in identifying the source of L2SM errors in the South Fork,
and hopefully how to mitigate them, was to characterize HR and VOD in the South Fork. At
L–band, increases in HR and VOD both increase surface emissivity. This leads to an inability
to disentangle roughness–vegetation effects within L2SM retrievals. Historically this has led to
τ − ω model being utilized with a static roughness while allowing VOD to vary. However, soil
surface roughness varies in agricultural regions as it increases due to tillage and then is smoothed
by rainfall [Zobeck and Onstad, 1987]. Chapter 3 tests the hypothesis that our conceptual
understanding of how roughness–vegetation effects manifest in L2VOD can be used to
retrieve realistic model roughness and VOD from SMAP brightness temperature in
the South Fork. To the best of our knowledge these are the first temporally–dynamic retrievals
of HR at the satellite–scale.
The first component of testing this hypothesis is to identify transition dates between the bare
soil and vegetated periods for 2015–2018. We then used the SCA, combined with SMAP TBp and
South Fork observations of Teff and soil moisture, to retrieve HR during the bare soil periods and
VOD during the vegetative periods. The parameterized HR during the vegetative periods was the
most recent smoothed HR from the preceding bare soil period; this value is heavily dependent
on accurate identification of transition dates. This HR was found to be within with the wide
range of literature values for agriculture and illustrated a dependence on soil moisture consistent
with Wigneron et al. [2001]. VOD retrievals were found to be polarized when scattering was
parameterized to the SMAP default value (ωp = 0.05); they become unpolarized if scattering is
considered to be polarized such that ωh > ωv as in Hornbuckle et al. [2003].
The second component of testing our hypothesis in this section is assessing if the retrieved HR
and VOD are reasonable for the South Fork. We are unable to fully complete this task as there
are no long–term observations of roughness or Mw in the South Fork. However, we were able to
utilize lidar, pinboard, and gridboard observations of physical roughness during SMAPVEX16–IA
as a reference point for the parameterized HR during the vegetative periods. While the three
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sampling methods give different results, and there are several literature methods for converting
physical observations to L–band model roughness, the HR approximated from SMAPVEX16–IA
observations is consistent with that retrieved for the South Fork. Retrievals of VOD were less
encouraging; converting peak VOD to Mw resulted in 2 to 3 times that reported by Hornbuckle
et al. [2016] as typical for mixed corn and soybean.
5.4 Step 3: Retrieving L2SM Using Roughness–Vegetation Patterns
The next step in investigating our original hypothesis (that L2SM errors in the Corn Belt are
due to non–representative generic croplands parameterizations) is to use the DCA to retrieve L2SM
while allowing HR to vary in the bare soil periods and constraining VOD changes to vegetative
periods. Chapter 4 tests the hypothesis that utilizing our understanding of roughness–
vegetation patterns during soil moisture retrieval will improve SMAP L2SM perfor-
mance. L2SM was retrieved following the transition dates previously identified in Section 3.2
for both polarized and unpolarized scattering scenarios with the South Fork Teff and an unpolar-
ized scattering scenario for the modified SMAP Teff . L2SM retrievals performed better when the
South Fork Teff was used; the unpolarized scattering scenario more so than the polarized. When
the modified SMAP Teff was used, retrieval performance (as quantified by the bias, ubRMSE, and
coefficient of determination) either remained the same or slightly degraded as compared to that of
the SMAP L2SM reprocessed to use the modified Teff .
5.5 Considerations for Future Work
By this point we have, to the best of our current ability, adjusted the parameters of the τ − ω
model to best represent the South Fork. Contrary to our initial hypothesis, the use of pa-
rameters specific to the South Fork rather than generic croplands has not significantly
reduced errors in L2SM. This presents an interesting puzzle: if the τ −ω model, with represen-
tative parameters, is unable to retrieve a soil moisture consistent with observational data, then is
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the framework of the model appropriate for the observed surface? Perhaps the logical next step is
to move away from the traditional τ − ω model and test another radiative transfer model.
The τ − ω model is a zeroth–order radiative transfer model: it assumes that ω in Eq. 2.5
is small and represents scattering within the canopy volume as whole. In this model, scattering
reduces the observed TB as some amount of radiation that collides with vegetation is redirected
into incidence angles not observed by SMAP. The zeroth–order solution considers first–ordering
scattering effects, where brightness emitted from a different incidence angle is scattered such that
it becomes aligned with that emitted at the observed θ, to be negligible and therefore does not
consider the contributions of such scattering to the observed TB.
A soil moisture retrieval algorithm based on the τ −ω model will underestimate the importance
of scattering within the canopy if the first–order scattering effects are in fact non–negligible. If
we focus on the vegetative periods, several of our findings support the idea that there is some
“extra brightness” that is increasing surface emissivity but is not accounted for in the τ −ω model.
This increased emissivity corresponds with both the dry–biased L2SM during these periods and
the too–high VOD retrieved using South Fork in situ observations as input. It is consistent with
the effect that first–order scattering terms, ignored in the τ − ω model, would have if present but
unaccounted for.
A first–order solution of the radiative transfer equation considers that scattering into the ob-
served beam is slightly increasing the observed TB while still allowing for scatter darkening overall.
A L2SM retrieval algorithm based on such a model would result in wetter soil moisture retrievals
during vegetative months without having an impact on the bias during bare soil periods. Horn-
buckle and Rowlandson [2008] found that the physics of a first–order radiative transfer model, which
requires the addition of only one new parameter to the τ − ω model, reduces the VOD required
to simulate the observed TB and therefore increases the sensitivity to soil moisture. This would
explain why Hornbuckle and England [2004] observed that the sensitivity of TB to soil moisture in
a fully grown corn canopy (Mw ≈ 6 kgm− 2) was significantly higher than that simulated by the
τ − ω model.
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Applying a first–order solution to retrievals of L2SM is the next viable step towards improving
SMAP soil moisture performance in the South Fork. If first–order effects are truly non–negligible,
then incorporating them into the retrieval algorithms should reduce the dry bias during vegetated
months. The subsequent increase in retrieval sensitivity to the ground soil moisture is is expected to
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APPENDIX A. REPORT ON EFFECTIVE SURFACE TEMPERATURE
This appendix provides a copy of our report on effective surface temperature in the South Fork
that was provided to Simon Yueh (SMAP Project Scientist), Dara Entekhabi (SMAP Science Team
Leader), Steven Chan (SMAP Algorithm Development Team), and Peggy O’Neill (SMAP Deputy
Project Scientist). We found that changes to Teff , introduced in version 2 of the SPL2SMP_E
product, produced an unrealistically warm temperature when compared to the South Fork in situ
network. Steven Chan provided feedback on this report which has been incorporated into Chapter 2.
It should be noted that this report uses C = 0.246 for both AM and PM overpasses while SMAP
now utilizes C = 0.246 for AM while C = 1 for PM. We additionally believed that the GEOS–5 Soil
Layer 2 was modelled as 10 to 20 cm (as described by a previous SMAP ATBD) when it is in fact
the 10 to 30 cm layer. Both of these issues have since been clarified in the most recent SMAP L2
Algorithm Theoretical Basis Document (ATBD, O’Neill et al. [2018a]).
Surface Temperature at the South Fork Iowa River Cal/Val Site
Victoria A. Walker, Brian K. Hornbuckle
November 13, 2018
Summary
While the recent v2 release of the SPL2SMP_E product meets SMAP accuracy requirements globally,
significant monthly biases remain at the South Fork cal/val site. The K factor introduced in the v2 release
warms the soil temperature 5 – 6 K. This results in wetter soil moistures and higher values of retrieved
vegetation optical depth. We found that the warming factor is not physically realistic in the South Fork: v2
soil temperature is 4 to 9 K warmer than all observed in situ soil temperatures. In addition, soil moisture
retrievals using in situ observations of soil and canopy temperatures are closer to the v1 release than the
recent v2. While VOD in the v1 release is in close agreement with SMOS VOD, the v2 VOD is significantly
larger. We also found that the assumption of soil and vegetation temperatures’ equivalence at SMAP overpass
times is invalid for the corn and soybean canopies present in the Corn Belt.
1 SPL2SMP_E Soil Temperature
A new version of SMAP L2 Enhanced Passive product (SPL2SMP_E, Chan et al. [2018]) has recently been
released. The v2 release applies a warming factor to the GEOS–5 modeled soil temperatures used during soil
moisture retrieval as described by the SPL2SMP Algorithm Theoretical Basis Document (ATBD, O’Neill
et al. [2018]). This factor was implemented due to an observed cold bias in the GEOS–5 soil temperature
at core cal/val sites. However, since the analysis was spatially and temporally limited, the team behind the
SPL2SMP_E is unable to definitely state that GEOS–5 is biased on the global scale (personal communication,
Steven Chan). The warming factor is also intended to address any potential mismatch between the GEOS–5
modeled soil layers and the layer of soil contributing to the temperature of the surface that SMAP views.
The SPL2SMP_E v2 release meets SMAP accuracy requirements when evaluated globally [Jackson et al.,
2018].
SPL2SMP_E soil moisture retrievals rely on the τ – ω model [Jackson and Schmugge, 1991; Wigneron
et al., 2007]. As given by (1), retrieval requires soil temperature, Tsoil, and vegetation temperature, Tveg, to
calculate soil and canopy contributions to the brightness temperature observed by SMAP. The microwave
optical depth at nadir, τNAD , is synonymous with the vegetation optical depth, VOD.
TB = Tsoil εs e−τN AD/cos θ
+ Tveg (1 − e−τN AD/cos θ)(1 − ω)
+ Tveg (1 − e−τN AD/cos θ)(1 − ω) (1 − εs) e−τN AD/cos θ
(1)
SPL2SMP_E retrievals assume that Tsoil and Tveg are approximately the same at SMAP overpass times
and can be represented by the effective surface temperature, Te f f . This allows for the simplification of (1) to
be reliant on a single temperature. Te f f is calculated using a modified Choudhury model (2), where TSL1 is
the temperature of the GEOS–5 0 – 10 cm layer, TSL2 is the temperature of the GEOS–5 10 – 20 cm layer,
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and K is the warming factor introduced in the v2 release [Choudhury et al., 1982; Chan et al., 2016; O’Neill
et al., 2018].
Te f f = K × [TSL2 + 0.246 × (TSL1 − TSL2)] (2)
For forests (IGBP land classes 1 – 5), K = 1 and there is no difference in Tsoil between the v1 and v2
releases. Elsewhere (e.g., croplands, shrublands, grasslands) K = 1.02 and the v2 soil temperature is
increased from v1. Values for K were obtained by globally minimizing observed and simulated brightness
temperatures (personal communication, Steven Chan).
2 SPL2SMP_E Retrievals in the South Fork
The previously observed dry bias in the South Fork [Colliander et al., 2017; Chan et al., 2018] is improved
in the v2 release when evaluated over the entire data record (April 2015 – November 2017). However,
significant monthly wet and dry biases remain. Figure 1 presents the monthly bias, averaged over 2015 –
2017, of SPL2SMP_E retrievals in the South Fork. Soil moisture retrieved using both the Single Channel
(SCA) and Dual Channel (DCA) options is wetter in the v2 release than the v1.
In addition, retrievals of VOD are higher in the v2 release than the corresponding v1, which were more
consistent with SMOS VOD, for any given overpass. A sample timeseries of VOD during the South Fork
growing season is given in Figure 2. The VOD in Figure 2 increased from 2% – 60% between v1 and v2; the
median increase in VOD was 11%. The higher VOD is of particular concern as the use of retrieved VOD to
monitor crop growth in the Corn Belt is a current research focus of ours (e.g., Hornbuckle et al. [2016]).
Given these two findings, we hypothesize that K = 1.02 is not physically realistic in the South Fork.
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Figure 1: Monthly biases (2015 – 2017) in the South Fork for both the v1 and v2 releases of SPL2SMP_E.
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Table 1: Difference between reported SMAP Te f f and South Fork network soil temperatures, April 2015 –
November 2017 (excluding DJF).
SPL2SMP_E, v1 SPL2SMP_E, v2
(K = 1) (K = 1.02)
AM PM AM PM
network Te f f – 1.0 K – 0.9 K – 1.0 K + 1.4 K
5 cm – 0.7 K – 1.7 K + 5.0 K + 6.4 K
10 cm – 0.9 K – 1.3 K + 4.8 K + 6.9 K
20 cm – 1.3 K – 0.3 K + 4.4 K + 7.8 K
50 cm – 1.1 K + 0.6 K + 4.6 K + 8.7 K
3 Surface Temperature in the South Fork
3.1 Te f f in the South Fork
The v2 implementation of K sought to fix cold–biased estimates of Te f f . We calculated Te f f for the South
Fork using in situ data (network Te f f ) and compared it to the Te f f reported in both the v1 and v2 releases.
Figure 3 depicts one of the twenty permanent stations located in the South Fork network. Soil temperature
is observed at depths of 5, 10, 20, and 50 cm. We calculated the network Te f f , following (2), where TSL1
is the South Fork network average 5 cm soil temperature and TSL2 is the mean of the 10 cm and 20 cm
temperatures. The difference between the SMAP–reported Te f f and in situ network soil temperatures are
given in Table 1 for April 2015 – November 2017 (excluding DJF).
The v1 Te f f was biased ≈1 K too cold in the South Fork compared to network Te f f . It was also slightly
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Figure 2: VOD in the South Fork during the 2017 growing season.
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colder than the soil temperature observed at all depths except at 50 cm for evening overpasses. The v2 Te f f
(K = 1.02) remains 1 K colder than network Te f f (also computed using K = 1.02) in the morning but is
warmer than evening network Te f f . However, v2 Te f f is 4 – 9 K warmer than any observed soil depth for
both morning and evening overpasses. Figure 4 presents an annual timeseries of Te f f in the South Fork at
the time of SMAP overpasses.
Following the changes reported in the ATBD, the difference between the v1 and v2 Te f f should be 2%
of the v1 Te f f (K = 1 versus K = 1.02). However, Figure 5 shows that, while this holds true for morning
overpasses, evening overpasses are not uniformly 2% higher. In other words, unless there was a change to
evening GEOS-5 soil temperatures that was not documented in the SPL2SMP_E ATBD, K , 1.02 for
evening overpasses. Furthermore, for evening overpasses there appears to be a seasonal component in the
percent warming ranging from 4% in the spring to 2% in the fall.
3.2 Tveg in the South Fork
If we are going to truly examine surface temperature in the South Fork, it is worth evaluating the assumption
that Tsoil ≈ Tveg. While Te f f , defined by (2), is used by SMAP to represent Tsoil and Tveg in (1), it is actually
only a measure of soil temperature [Choudhury et al., 1982]. We will therefore assume that the network
Te f f , calculated with K = 1, is the “best” available option for Tsoil in the South Fork. Unfortunately, Tveg
is unavailable for the network as stations are located at the edges of fields (i.e., in grass), rather than in the
field, to avoid conflicts with farm machinery during planting, harvest, and tillage [Walker et al., 2018].
We piggy–backed on flux towers operated by theNational Laboratory forAgriculture and the Environment
(NLAE) to observe both a corn and a soybean field in the South Fork during the summer of 2015. Figure 6
illustrates relevant temperature observations at the flux towers. In 2015, soil temperature, Tdepth, was
observed at 6 cm (personal communication, Forrest Goodman). Richard Cirone, a graduate student in
agricultural meteorology at Iowa State University, made similar measurements in a South Fork corn field
during the summer of 2018; Tdepth was located at 9 cm. The depths of soil temperature observations by the
permanent network have been added to Figure 6 as a comparison to the locations of Tdepth.
Figure 3: Cartoon of a permanent station in the South Fork network. Soil moisture and temperature are
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Figure 4: South Fork network Te f f (K = 1) and the SPL2SMP_E v1 and v2 Te f f for March – November,
2017. In situ temperatures have been subset to SMAP overpass times.
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Figure 5: Warming in the SPL2SMP_E v2 Te f f as illustrated by the percent increase from v1 during
March – November, 2017.
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The traditional observation of canopy temperature,Tskin, is the skin temperature of the canopy as observed
by an infrared thermometer. However, this is not the best measure for the entire canopy. Hornbuckle and
England [2005] reported that the bottom of a full corn canopy was on the order of 1 K warmer than the top of
the canopy at SMAP overpass times. We therefore observed Tveg as the air temperature within the canopy to
more realistically depict the vegetation as a whole. The height of Tveg was adjusted to remain at roughly half
of the total canopy height. Observations of Tveg are limited to closed canopy periods (June – September).
Sampling was conducted in both a corn field and a soybean field during 2015 and a corn field in 2018.
To estimate the difference between Tveg and Tsoil in the South Fork, we first compared network Te f f
to the depths at the permanent stations closest to the depths measured at the flux towers. In 2015, when
Tdepth = 6 cm, 5 cm is the closest depth at the permanent stations; in 2016, when Tdepth = 9 cm, 10 cm is
the closest depth at the permanent stations (Figure 6). The 5–year data record for the South Fork (2013 –
2017) was subset to the months where flux tower observations of Tveg and soil temperature are available
(June – September). At 6AM solar time, network Te f f is 0.5 K warmer than the 5 cm soil temperature and
roughly the same as the 10 cm soil temperature. Network Te f f was colder than both the 5 and 10 cm soil
temperatures at 6 PM solar time by 0.5 K (10 cm) to 0.9 K (5 cm). These offsets are valid for the South Fork
network during June – September and were applied to observations of Tdepth to estimate flux tower Tsoil.
Table 2 presents the difference between Tveg and the estimated Tsoil at the flux towers. Contrary to the
assumption made during SMAP L2SM retrieval, Tveg and Tsoil are not equivalent at SMAP overpass times
in the South Fork. Corn and soybean are both ≈2.5 K cooler than Tsoil for morning overpasses. Tveg is
warmer than Tsoil for evening overpasses but not to the magnitude of K = 1.02. These flux tower results
are consistent with Hornbuckle and England [2005], who found that corn canopies were colder than the soil
surface temperature at 6AM solar time.
Figure 6: Cartoon of vegetation and soil temperatures observed by flux towers in the South Fork. Tdepth




Table 2: Difference between Tveg and estimated Tsoil at flux towers in corn (2015, 2018) and soybean (2015)
fields. Data is limited to SMAP overpass times in June – September.
AM PM
corn – 2.5 K + 2.9 K
soybean – 2.4 K + 1.5 K
Table 3: SMAP DCA dry bias in the South Fork for June – September, 2015 – 2017. The custom L2SM
utilized network Te f f for Tsoil and approximated Tveg.
SPL2SMP_E, v2 SPL2SMP_E, v1 custom L2SM
all overpasses 0.01 m3 m−3 0.05 m3 m−3 0.07 m3 m−3
morning 0.00 m3 m−3 0.03 m3 m−3 0.06 m3 m−3
evening 0.03 m3 m−3 0.07 m3 m−3 0.09 m3 m−3
3.3 Custom South Fork L2SM
We have written Matlab scripts to replicate SMAP L2SM retrievals in the South Fork for both the SCA and
DCA options. This allows us to retrieve L2SM from the brightness temperature included in the SPL2SMP_E
product using custom ancillary data. We retrieved L2SM utilizing the South Fork network Te f f (K = 1)
for Tsoil. For Tveg we used the offsets in Table 2 and weighted the corn and soybean canopy temperatures
by the areal crop fractions in the watershed (69% corn and 31% soybean, JECAM–USA). Land surface
parameterizations were the same as used in the SPL2SMP_E. The South Fork dry bias for June – September,
2015 – 2017 is reported in Table 3. The custom L2SM, retrieved using South Fork network Te f f for Tsoil
and the approximated Tveg, is drier than both SPL2SMP_E v1 and v2. Besides the fact that SPL2SMP_E v2
Te f f is much larger than in situ soil temperatures, The SPL2SMP_E v1 is likely most similar to the custom
L2SM because the slight cold bias in the v1 Te f f partially compensated for a canopy that is colder than the
soil during morning overpasses.
4 Conclusion
Obtaining K by minimizing the difference between observed and simulated brightness temperature is a
reasonable approach at the global scale because of the lack of widespread SMAP–scale observations of soil
temperature with which to do a direct comparison. However, in situ measurements of soil and vegetation
temperature indicate that the K factor in the v2 release is not appropriate in the South Fork. The new v2
Te f f is 4 to 9 K warmer than all in situ soil temperatures. Furthermore, we find that Tsoil and Tveg are
significantly different at SMAP overpass times. While K = 1.02 improves the overall bias in the South Fork,
we argue that using the most realistic value of Te f f is the correct approach even though it increases the dry
bias. We hypothesize that the real cause of the bias in the South Fork is improper treatment of vegetation
optical depth and soil surface roughness. We are currently testing this hypothesis. It would be useful to
us if the GEOS-5 skin temperature, which was initially (pre–launch) going to be used in the calculation of
Te f f [Chan et al., 2016], were to be included in the SPL2SMP_E product as a proxy for Tveg. This would
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APPENDIX B. HR AND VOD WHEN SCATTERING IS POLARIZED
VOD is typically considered to be unpolarized as it is representative of the amount of water per
ground area in vegetation. However, we found that VOD retrievals are polarized in the South Fork
for 2015–2018 (Sec. 3.3.2). One factor that could cause polarized VOD retrievals is if ω, currently
parameterized as ωp = 0.05, is different at h– and v–pol in the South Fork. Given that L2SM
performance improved when ωv is smaller (Sec. 2.5.3), we tested ωv < ωh, where ωh remained
0.05 but ωv was reduced to 0.02. This resulted in a relatively unpolarized VOD retrieval. The
South Fork HR and VOD retrievals reprocessed using these ω are provided in Figures B.1 and B.2,
respectively.
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Figure B.1 Retrievals of HR in the South Fork when ωh = 0.05 and ωv = 0.02.
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Figure B.2 Retrievals of VOD in the South Fork when ωh = 0.05 and ωv = 0.02.
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APPENDIX C. REPORT ON SMAPVEX16–IA ROUGHNESS SAMPLING
This appendix provides a copy of the SMAPVEX16–IA Roughness Sampling Report. It contains
an in–depth description of the data collection and analysis steps as well as a brief summary of results.
This report is archived at https://iastate.box.com/v/SMAPVEX16IA-roughness-report.
SMAPVEX16-IA Roughness Sampling
Victoria A. Walker, Vivian Wallace, Enes Yildirim, William E. Eichinger, Brian K. Hornbuckle
September 28, 2017
1 Need for Roughness Sampling
The purpose of the SMAPVEX16-IA campaign was to investigate the SMAP dry bias in the South
Fork of the Iowa River (SFIR), an agricultural watershed in central Iowa. What the satellite “sees,”
microwave radiation emitted from Earth, is affected by the mm-scale variations in soil height (soil
surface roughness). Rougher soils emit more microwave radiation (Choudhury et al., 1979) and
increase the brightness temperature (TB) of the Earth surface (Fig. 1). If retrieval algorithms
assume a too-smooth soil surface the retrieved soil moisture will be drier than in reality. While
the current SMAP retrieval algorithm assumes a static σs (SFIR: 5 mm), soil roughness varies
throughout the year in agricultural regions due to farm management practices. While rainfall
smooths bare soil, field activities such as tillage, planting, and harvest increase soil surface roughness
(Zobeck and Onstad, 1987).
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Surface roughness was observed with three instruments during SMAPVEX16-IA: lidar, pinboard,
and gridboard. Sampling occurred during IOP1 (May 25 – June 5, 2016); a few gridboard and
pinboard photos were also taken during IOP2 (August 3 – August 16, 2016). Lidar data were
analyzed by the Eichinger group at University of Iowa and pinboard/gridboards by the Hornbuckle
group at Iowa State University. IOP1 likely occurred during a minimum-roughness period when
rain had smoothed the soil after tillage and planting. The majority of smoothing occurs during
the first rainfall; each subsequent event has an exponentially smaller impact on surface roughness.
Once the canopy grows and closes (mid-June), vegetation intercepts the rainfall and the roughness
remains relatively constant until fall harvest.
Soil surface roughness is generally parameterized by the standard deviation of the soil surface
height (σs) and the correlation length (lc), a measure of how similar points of a given lag (n)
are. The mean slope of soil surface is removed from the observed heights (z = zobs − zfit) before
calculating σs and lc as defined by Eq. 1 – Eq. 3, where N is the total number of points on the
surface and z(j) is the height of the jth point on the soil surface.














mean height correlation for points with n-lag
height correlation of zero-lag, σ2s
(2)
ρ (lc) = e
−1 ≈ 0.3679 (3)
When soil surface roughness is sampled with an instrument that has a constant interval between













The surface scanner used during SMAPVEX16-IA, shown in Fig. 2, employs the principle of lidar:
distance is acquired by sending a pulsed laser beam to a target and collecting the reflected signal
in a lens that focuses the beam onto a photodiode. Since the speed of light in air is essentially
constant, the difference in time between when the signal is sent out and reflected back from the
target is directly proportional to the distance to the target. This instrument was developed at the
University of Iowa to be a low-cost alternative to more expensive commercial scanners. The total
cost of producing one scanner, the majority of which is due to the motor and the laser, is under
$10k; commercial systems retail for $100k or more.
The laser rangefinder (accuracy: ± 2 mm) is fixed on the pan-tilt motor mounted to a surveying
tribrach and a Campbell Scientific CM6 tripod. The CM6 tripod was chosen over a standard survey
tripod because it has a higher vantage point and can be staked into the ground for added stability.
The lidar is assembled in the field for ease of transport. The system was not precisely leveled
due to time constraints while sampling. An on-ground computer controls the system and allows
simultaneous viewing of a coaxial camera with the data on monitors in the computer box. This
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allows the user to see directly where they are pointing the laser. Azimuth, elevation, and step size
were input into the mapper program as parameters for the scan.
The lidar was set up to take a single 3 m scan and a triple-lined scan (3 × 3 m) with a footprint
size of 1 mm and an average separation distance between points of 2.5 mm. These two types
of scans were done both along a row (parallel to row direction) and across rows (perpendicular
to row direction). Then the entire system was moved and the scans were replicated several feet
away for a total of four single- and four triple-lined scans. The lidar system was additionally
deployed overnight twice at the ground-based microwave observation sites to capture a complete
three dimensional map of the soil surface over a 4 to 9 m2 area.
2.2 Pinboard and gridboard
A pinboard is a board with free-falling pins, spaced 5 mm apart, along a 1 m transect (Fig. 3).
After leveling the pinboard, the pins are allowed to “fall” onto the soil profile. The height of the
pin corresponds to the height of the soil surface underneath of it. A photo is taken level with the
pinboard, eliminating the need for later keystone corrections.
A gridboard is a 1 m wide board overlaid with a simple grid (Fig. 4). The board is pounded
into the ground so that the mm-scale topography of the soil surface is visible against the grid. A
photo is then taken of the gridboard. Images of gridboards may appear to be trapezoidal due to
a downward angle of the camera distorting the rectangular board. The correction of this affect
during photo processing is called keystoning.
A series of six photos (1 – 6) were taken for both board types at three sites (A – C) in each
field (resulting in 36 photos per field). This series was consistent between fields unless inclement
Figure 2: Photo of Vivian Wallace (University of Iowa) and Brian Hornbuckle (Iowa State Univer-
sity) operating the lidar surface scanner during SMAPVEX16-IA. Flour was sifted over the surface
to make the moist soil more visible to the lidar by increasing surface reflectivity.
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Figure 3: Pinboard photo with board measurements overlaid.
Figure 4: Gridboard photo; grid cells are 2 cm × 2 cm.
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Figure 5: Cartoon of typical board measurements where segmented lines represent the location of
each photo (1 – 6) at a single site (A) in a field (SF07). The dashed lines indicate rows oriented
west-east.
weather shortened the amount of time available for sampling. Figure 5 presents a cartoon of photo
locations, represented by segmented lines, at a sample site in a field (site A at field SF07). Three
photos were taken in the north-south direction (1 – 3) and three west-east (4 – 6). We attempted to
align the boards in order to sample a 3 m transect, however this wasn’t possible due to the presence
of dense residue, young plants, and footprints.
3 Data Analysis
Each lidar transect, pinboard photo, and gridboard photo results in a profile of the soil surface
height. Figure 6 is an example of a lidar profile and the associated autocorrelation function. σs
and lc for each transect and board photo are calculated from these profiles.
3.1 Lidar
The natural output of the lidar is in spherical coordinates (r, θ, φ) and is first translated to Cartesian
coordinates using Eqs. 5 – 7, where φ is the elevation angle, θ is the azimuth, and r is the distance
from the scanner to the ground. Note that there is an adjustment in position of the laser rangefinder
to set the zero point of the rangefinder at the elevation axis of rotation (r = robs + 59 mm) and
offset the azimuthal axis of rotation (offset = 132 mm).
x = r sin(θ) cos(φ) − (1 − cos(θ)) × offset (5)
y = r sin(φ) cos(θ) (6)
z = r cos(θ) cos(φ) − tan(θ) × offset (7)
Due to an arbitrary azimuthal angle, we take θ here to be zero. This makes all of the x-values
equal to zero and produces a surface that is angled to the horizontal in the y-z plane (the center
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of the scanner is at 0, 0, 0). A straight line is fit to the data (z = my + b) and used to rotate the
data about the x-axis so as to make the line horizontal and offset it so that the average value of z
is zero. This results in Eqs. 8 and 9, where ϕ is the arctan of the slope m and b is the y-intercept.
ynew = y cos(ϕ) + z sin(ϕ) (8)
znew = −y sin(ϕ) + z cos(ϕ) − b (9)
Before calculating σs and lc, spurious data points, generally ≈ 25 of the 800 – 900 points in
the set, are removed. The line is then re-fit to make the average z and m equal to 0. Note
that this removes any effect that the surface slope might have on the standard deviation and
autocorrelation. σs and lc are then calculated using the std2() and autocorr() functions from the
MATLAB Econometrics and Image Processing toolboxes, where σs is the standard deviation of
znew and lc is the distance at which the autocorrelation function falls below e
−1.
3.2 Pinboard and gridboard
Both pinboard and gridboard photos need to analyzed via image processing software to extract
the coordinates of the soil surface profile. We used Fiji ImageJ (https://fiji.sc/) for the
pinboard photos and Didger (http://www.goldensoftware.com/products/didger) for the grid-
board. Gridboard photos were keystoned before analysis by changing the perspective to a rectangle
in GNU Image Manipulation Program (GIMP; https://www.gimp.org/). The full photo process-
ing steps and MATLAB scripts are provided in photo_analysis_guide.pdf (available in the data
repository).
The basic procedure for ImageJ and Didger photo analysis is the same: first, the image is
calibrated (pixels/cm) to assign known dimensions; then the soil surface is traced to produce a
list of coordinates for a topographic profile. The data is de-trended by subtracting out the linear
best-fit and σs and lc calculated following Eq. 1 – Eq. 3. As our topographic points are irregularly















May 25, 2016 (day of year 146)
standard deviation = 0.015 m


















← correlation length = 0.130 m
Figure 6: Soil surface profile and associated autocorrelation function obtained via lidar.
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spaced, the lags are uneven and ρ(n) cannot be calculated using Eq. 4. Following the conceptual
definition of ρ(n) given in Eq. 2, we found the correlation between each possible combination of
points. The corresponding lags were binned and averaged over 5 mm intervals. This bin-width
propagates through to lc.
4 Data Summary
4.1 Comparing lidar, pinboard, and gridboard observations
As mentioned in Section 2, IOP1 occurred during a minimum roughness period between tillage
and canopy closure; this period is evident when comparing observations from fields visited multiple
times. The pinboard and gridboard data from three fields that were visited at both the beginning
and the end of IOP1 (LTAR Corn, S10, and S14) is presented in Figure 7. The error bars represent
the variability in roughness between photos taken in the same field. While the two methods result
in different σs (pinboards “see” a rougher soil than gridboards), the difference tends to be within
the in-field spatial variability and the temporal trends in σs are similar.
The following maps (Fig. 8 – 10) present the spatial variability of σs in the SFIR domain during
IOP1. The lidar values are from the triple-lined scans; pinboard and gridboard are the mean of
all photos taken at each site. Fields that were visited multiple times are averaged together. As a
general rule, lidar “sees” a rougher soil than the pinboard, which is rougher than the gridboard.
This is due to the amount of residue included in the observation. Lidar reflects off the ground and
“sees” all residue laying on the soil surface, while the pinboard catches large pieces of residue and
misses smaller ones that slip between the pins. The amount of residue visible in the gridboard
profiles is dependent on the priorities of the person analyzing the photo; we chose to mark as
close to the soil surface as possible and exclude residue if there was an obvious line of demarcation
between the two.
5 Data Availability
Soil surface roughness data for SMAPVEX16-IA, as well as a copy of this report, is publicly avail-
able at https://iastate.box.com/v/SMAPVEX16IA-roughness-report. Additional information
on the University of Iowa lidar system is posted in the repository.






























































Figure 7: Pinboard and gridboard observations from fields that were visited multiple times. Error
bars depict the spatial variability within the field.
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Figure 8: All σs observations during SMAPVEX16-IA IOP1.
























































Figure 9: Across-row σs during SMAPVEX16-IA IOP1.
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